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ABSTRACT 
Ever increasing demand for electricity in the residential sector has made providers implement 
demand management strategies to curtail residential electricity consumption during peak demand 
events. With time, customer satisfaction of such programs dropped, resulting in high dropout rates 
making utilities rethink about the success of such strategies. The future success of how well these 
strategies could be implemented is highly dependent on how well the providers understand the 
effect the strategies have on the customers. This in turn, requires them to study occupant and 
appliance behavior of each household to have a much better understanding of the problem and this 
information is not readily available. In this research, a discrete event simulation model is proposed 
(a Non-Homogenous Markov process), that will help simulate appliance and occupant level 
demand patterns for residential customers in order to allow for the study of consumer-friendly 
demand response strategies. To develop a valid model, both occupant behavior patterns and 
appliance level patterns have been combined to form a data-driven simulation process.  The model 
accounts for various factors like climate, day of week, time of day, number of occupants and nature 
of the appliances used. The model is validated against real hourly smart meter data and the 
American Time Use Survey using Simio, a simulation package.  Validation was conducted in two 
stages namely a statistical validation stage, where levels of confidence were calculated for the 
proposed model during different times of day and a more industry-friendly non-parametric stage, 
where modern clustering techniques were used to gauge how well the proposed model helps 
simulate the real-world data. 
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1. Introduction  
There has been an ever-growing demand for electricity in the recent years. To keep up with this increase, 
utilities and governments have been putting pressure on the availability and cost of all our natural resources 
to meet the demands. This kind of pressure gets reflected in electricity costs because of rising prices of fuels 
used to produce power. Furthermore, the U.S. Department of Energy predicts the demand of energy in the 
United States will increase by 40 percent over the demand reported in 2015 by the end of 2030 [1]. It is 
estimated that the average electrical demand for the United States increases by 2.3% year to year when 
compared to the meager 0.3% increase in power production from year to year, suggesting that power 
demand growth is outpacing production capacity growth [1]. The serious consequences of not keeping up 
with demand will include major failures in parts of the country, which could cause rolling blackouts 
affecting normal day to day lives in many aspects. North American Electrical Reliability Corporation 
(NAERC) tried forecasting the electrical demand for the next ten years and found out about the immediate, 
dire need to come up with alternatives to soothe the demand. NAERC believes that a 15% minimum reserve 
above peak demand at all times is required to keep the grids stable [2]. Unfortunately, the forecast indicated 
some upsetting trends which proposed that this margin will be close to 9.5% by the end of 2018 with the 
current pace of growth, showcasing the need for alternative strategies and methodologies to slow demand 
growth [2] and maintain stable demand on the grids. 
One simple solution might be to ramp up production of power to meet the demand. Utilities as of 
now, use different fuel sources to keep their electrical supply economical and reliable. The most widely 
used sources are coal, gas, nuclear and renewable sources (solar, hydro and wind energy). Utilities primarily 
depend on the first three sources. About 65% of the total energy produced in 2016 was from fossil fuels 
and about 20% was from nuclear energy [3].  Pressure to lower fossil fuel emissions and pollution as well 
as high costs of building new production capacity has forced utilities to consider other options than building 
new capacity. Another reason to not consider building new capacity is that peak demands that affect the 
stability of the grids only occur during certain times of the day on a few days of the year, making it not 
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profitable to build and maintain large scale power plants involving huge construction and maintenance costs 
for only a small percentage of their use [4]. 
While generating power from renewable sources like wind and solar might be viewed as a viable 
option involving less capital, recent figures indicate some of the realistic problems. Wind energy contributes 
to less than 2% of the total power produced in the United States [5]. There has been a call in the Congress 
that wind energy must make up to 30% of the total power produced by 2030 [5], but the Department of 
Energy suggests that such a scenario would require an investment of $43 billion dollars and an increase of 
1600% in the wind sources available right now [5]. Solar energy suffers an even more blunt future with 
alarmingly low efficiencies of solar systems with the need for much research and development to develop 
more consistent and sustainable solar panels. Renewable energy sources are also known for their 
intermittent efficiency patterns where the systems work with maximum efficiency only during certain and 
often unpredictable times of the day making them unfavorable for a macro-grids/commercial system which 
require highly reliable power systems to keep the grid stable. All of these factors lead to very high reluctance 
and lower acceptance rates amongst providers.  Recent data published by Energy Information 
Administration (EIA) makes it clear that utilities primarily depend on the conventional sources of power. 
A clear split up of the different power sources used in the United States during the year 2016 is presented 
in Figure 1. 
 
Figure 1: Different fuel sources used in the year 2016[6] 
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The recent trend in the electricity business dictates the need for reliability, affordability and 
sustainability in the system. With increasing demand and electricity prices, electricity providers strive hard 
to achieve the above-mentioned characteristics. With possible solutions of increasing power production by 
opening new power plants and using renewable sources on a macro-scale offering non-economical options, 
utilities started to look for simple but efficient strategies that could help them achieve the above stated 
characteristics of reliability, affordability and sustainability.  Potential alternate strategies include Load 
Shifting and Demand Management that help utilities reduce and reschedule the demand peaks during 
several times of the day reducing overall load and risk of grid instability. This thesis focuses on developing 
tools to facilitate the development of customer friendly demand management strategies. 
Demand response (DR) is one of the best examples of demand management techniques where the 
end users reduce their electricity usage when required by the utility to lower the demand peaks during 
certain times of the day. For instance, in the summer months during afternoons, it is reasonable to assume 
that many air conditioners will be working at full load. This in turn, might increase the overall demand in 
the grid during that period. This is when the electricity providers might request their users to cut down the 
usage for that time period. By doing so there might be a subsequent reduction in the overall demand, making 
the grid more stable. The customers who sign up for such programs are provided incentives in return for 
reducing their electricity demand. 
Theoretically, such strategies work best by lowering peak demand and keeping the grid stable. On 
paper, such strategies also seem efficient and cost effective, with minimal capital cost involved as the 
utilities are trying to optimize the system with only the resources available. Economic feasibility is another 
reason for the popularity of such strategies amongst utilities. Unfortunately, some of the utilities found out 
the hard way that implementing such strategies would affect customer comfort zones and lead to 
participants dropping out of the program, when utilized. New York Independent System Operator (NYISO) 
an organization responsible for reliable transmission of power in and around New York, noted that there 
has been a 37% decline in the participants of the demand response program since 2011 [7], most likely due 
to failure to properly evaluate DR strategies and their impacts on customers. 
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With advances in technology and the introduction of devices like smart meters which record usage 
data more accurately than traditional meters, the utilities could look into the data collected to get an idea of 
what actions could help from their side. Although looking into smart meter data gives information about 
the total demand, there will be no information about appliance and occupant behavior, which could be used 
to quantify customer satisfaction and customer comfort levels. This thesis is an attempt to provide insights 
into customer satisfaction and comfort data which is not available readily from smart meters. After research 
[9], it is found that customer satisfaction and comfort is driven latently by appliance behavior and occupant 
behavior. For instance, to illustrate the dependence on appliance behavior, if the customers are classified 
into different classes and if the most used appliance during some time of the day is known for a class of 
customer, it is plausible to assume that if utilities ask the customers to turn OFF that appliance, customer 
satisfaction will decrease for that class of customers. To illustrate the importance of occupant behavior, it 
is highly impossible to understand the appliance behavior on its own. The appliance usage depends on the 
occupant behavioral pattern during different times of the day. For instance, the different states of the 
occupant like present at home (active), present but sleeping (in-active) and absent at home have a direct 
connection to appliance usage. 
Discrete event simulation models due to their probabilistic nature have the ability to compute 
different probabilities for occupant behaviors during different times of the day and thus indirectly help 
analyze appliance behavior and the total demand. Most of the contemporary simulation approaches to 
simulate electrical demand are Non-Homogenous Markovian models [10] and they are used to either help 
utilities study appliance usage pattern or occupant behavior but not both. Also, these models up until now 
have been widely used for total demand modeling and not in any way to help in the process of demand 
response program management.  
  The appliance usage approach tries to model the usage pattern of all appliances in the household 
and then converts the patterns to total power consumed.  The occupant behavior approach on the other hand 
tries to model the occupant behavioral patterns for all occupants at home, also known as synthetic patterns, 
and converts them into total demand. The existing methodologies fail to make the connection between 
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appliance and occupant behavior, which makes them less informative when it comes to understanding 
customers and evaluating demand management strategies. 
This thesis is an effort to create a new simulation methodology that will provide data that could be 
used to evaluate demand management strategies. The methodology will look into the appliance usage and 
occupant behavior patterns in detail, classifying them into different types to make the inherent connection 
that was missing from the previous approaches. Also, many of the logical and realistic issues that were 
overlooked in the previous approaches will also be addressed. All data required for building the model will 
be obtained from American Time Use Survey (ATUS) [7]. The model will be verified and validated by 
comparing the output with real world data. Verification of the methodology will be done in two stages: a 
statistical validation and a non-parametric validation will be performed to measure how closely the 
methodology is able to simulate the real-world data. Figure 2 presented below, breaks the problem presented 
in this section into sub-components and helps understand the principle motivation for the problem to be 
solved. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Motivation for the problem 
Problem: 
Increasing demand 
and grid instability 
Solution: 
Increase power 
production 
Solution: 
Cost effective DM 
strategies 
Concern: 
Do we need extra 
powerplants? 
More investments and 
more pollution! 
 
Concern: 
How will DM 
strategies affect 
different customers? 
Effect: 
Poor choice of DM 
strategies can affect 
customer comfort 
zones, reduce 
satisfaction 
Need: 
DM evaluation 
tool 
Information obtained: 
Appliance and occupant 
behavior information 
Decision: 
Better choice of 
DM strategy 
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2. Problem Statement 
Demand Response (DR) programs are used by utilities to help mitigate demand and maintain grid stability 
during peak times of the day. They can be defined as the strategies that help utilities manipulate and 
schedule demand peaks during different times of the day to keep the grid stable during peak hours in the 
day. Customers can enroll with the utilities for such programs in exchange for some incentives from the 
utilities. With rising demands every year, DR programs could be seen as an inexpensive tool that utilities 
could employ without investing in traditional resources like power plants and other fuel sources like coal 
and gas.  
While ambitious green energy researchers around the world are working on renewable energy 
resources like solar and wind, to make them more-affordable and more efficient, to make them as versatile 
and as scalable as the non-renewable traditional power sources (coal and gas), DR strategies seem to be an 
alternative for the time being, where utilities can manage the demand and supply problem with just the 
resources on hand and not have to invest in more conventional power stations. 
DR strategies when implemented may come with some problems. The first of many such problems 
is how to properly evaluate and compare many such DR strategies. To make the most out of it, utilities 
usually consider many such strategies before settling on one. Each of these strategies affect the customers 
in different ways, some positive and some negative. Only when the DR strategy implemented has a positive 
effect on the majority of the population in a region, the strategy would be successful, otherwise the strategy 
would suffer from problems like customers dropping out, negative feedback and low customer satisfaction. 
This brings about the need of having to create a data source for evaluating and scoring demand response 
strategies. The plan should also be versatile and should scale for many different classes of residential 
customers. On a very high level, this research is an attempt to create one such data source that would help 
with the evaluation of DR strategies. 
Evaluation of DR strategies require understanding the drivers of demand profiles of different 
households during different times of the day. Since exact occupant and appliance data is not available at a 
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large scale, one way to gain this understanding is to simulate a household’s activities and use the activities 
to generate demand curves. 
Generating the demand profile of a household involves proper understanding of the behavior of all 
appliances in the house (appliance behavior) and how occupants behave during different times of the day 
(occupant behavior). This thesis proposes a simulation methodology that will help model the demand of a 
household using appliance and occupant behavior data. These demand profiles can then be used to cluster 
customers into different classes for proper evaluation of DR strategies.  Many realistic and logical 
constraints will also be introduced in the methodology to make the simulated activities more realistic. The 
model will be built using SIMIO a commercial simulation package. All data for the simulation will be 
obtained from American Time Use Survey (ATUS). Validation of the methodology will involve a statistical 
component where statistical hypothesis tests will be used to provide confidence levels of the methodology 
for different times of the day and a non-parametric component where clustering methodologies will be used 
to cluster real world data and customer data separately to measure similarity between the clusters formed. 
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3. Literature Review 
There is an abundance of literature on simulation modeling of electrical demand. This literature review 
primarily focuses on works that propose models that could be used to assess the impact and effectiveness 
of demand management strategies. Contemporary research works primarily involved two methodologies 
for mapping the demand pattern: appliance-based methodologies and occupant-based methodologies. 
This section will involve a brief introduction for each of these methodologies followed by a brief discussion 
about research works that use them. Also, the capabilities and limitations of each of these works will be 
discussed.  
3.1 Appliance-Based Methodology 
The appliance behavior methodology assumes the behavior of different appliances at home to be the 
independent variables, whose use contributes to the total electrical demand. At any time, there are two 
discrete states for each appliance: an ON state and an OFF state. At any time, there are four different 
transition probabilities associated with any appliance: probability of staying ON, probability of staying 
OFF, probability of transitioning from ON to OFF and probability of transitioning from OFF to ON. These 
transition probabilities are Non-Homogenous meaning they change with time of day. Refer to Figure 2 for 
a graphical representation of the scenario for a single appliance during a single time period. From the Figure 
3, at refers to the probability of transitioning from OFF to ON during time t, bt refers to the probability of 
transitioning from ON to OFF during time t, 1 - at refers to probability of staying OFF during time t, 1 - bt 
refers to probability of staying ON during time t. 
 
 
 
 
 
 
Figure 3: Appliance level methodology (Bajda et al. 2013) 
ON OFF 1 - at 1 - bt 
at 
bt 
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The final demand of the household is calculated by simulating the different appliances in the 
household and summing up the demand of all appliances at any given time. Although this method 
effectively mapped the appliance behavior, it explains very little about the behavior of the occupants at any 
time and so became known as an appliance-based methodology. 
3.1.1 Appliance-Based Methodology Research Papers 
Stadler et al. [17] published one of the very first papers in this area. Instead of concentrating much on the 
occupant behavior of the household, the paper took a holistic approach to simulate electrical demand. The 
study looked into models which could be used to simulate electrical appliance behavior with concentration 
on load shifting techniques. The study used scheduling algorithms that scheduled appliances and helped 
capture appliance behavior. Unlike simulation, scheduling algorithms were inefficient in capturing the 
stochastic nature of the variables, making the approach limited in its scope of capturing the probabilistic 
nature of appliance behaviors. This work could be further improved by capturing the occupant behavior in 
connection with appliance behavior. The work also overlooks issues like generalization to demand 
management strategies other than load shifting, stochastic nature of variables, Non-Homogenous data, 
multi-appliance usage, multi- occupant usage and many other characteristics making it limited in its scope 
of mapping the overall demand pattern and thus helping in evaluating demand management strategies.  
Bajda et al. [18] came up with a highly innovative methodology that solely concentrated on 
evaluating demand management strategies, and in order to do so they tailored a bottom up approach that 
helps study appliance level behavior at the most granular level (in terms of time) possible. They tailored a 
probabilistic Non-Homogenous Markovian model that captures appliance level behavior with many 
realistic assumption, and then connect the appliance usage pattern to occupant behavior, finally converting 
them to total electrical demand for the household. This methodology could be generalized to any number 
of households, any number of occupants and any location. The Non-Homogenous Markovian model 
proposed imposed a discrete nature to the system, making continuous changes to the model with time 
impossible. For example: appliances could only change states every hour instead of in a continuous manner. 
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Other realistic issues like multi-appliance usage, concept of shared appliances and environmental data 
information was not included in the model making it limited in scope for mapping demand patterns of the 
households. However, Bajda et al.’s work was one of the earliest studies involving Non-Homogenous 
Markov model simulation, making it an inspiration for some of the papers discussed in this section and also 
for this thesis.  
Rosin et al. [19] came up with a methodology that was an extension of the methodology developed 
by Stadler et al. [17]. The paper adapted the methodology refining it in some of the aspects that were not 
addressed in the previous approach. Issues like multi-appliance and multi-occupant usage were included in 
the methodology. The paper also focused on maximizing the economic benefits of the customers who sign 
up for demand management programs. The study was specific for load shifting/balancing strategies and 
cannot be generalized for other demand management strategies. Moreover, the model still used Non-
Homogenous Markovian processes that were unable to capture continuous changes in the system. Though 
some of the issues with the previous model were addressed, the model still like did not account for the Non-
Homogenous nature of the system, environmental conditions, ability to be extended to any demand 
management strategy and ability to be extended to any number of occupants making the approach limited 
in scope to assessing the impacts of a variety of demand response programs. 
Lee et al. [20] developed another load balancing/shifting model that, unlike the previous two 
models, employed a completely different approach to modeling. Instead of simulating appliance usage, the 
model used an appliance scheduling algorithm to schedule appliance usages. The methodology developed 
is more towards optimization rather than simulation. The research was also the very first to build a module 
that they called automated technology for control which was really innovative at that time. This paper again 
was limited in its scope that it did not have mechanisms built in to capture variables like occupant behavior, 
probabilistic nature of the appliance behavior, Non-Homogenous nature of the system, environmental 
conditions that could affect the behavior of appliances, ability to be extended to any demand management 
strategy and ability to be extended to any number of occupants making it limited in scope to assessing the 
impacts of a variety of demand response programs. 
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The next section deals with a brief introduction to the occupant-based methodology followed by a 
review and analysis of some of the research papers that employ them. 
3.2 Occupant-Based Methodology 
The occupant-based approach can be considered as a stochastic problem which tries to capture the stochastic 
variability of occupant behavior that can be assumed to be in different discrete states at different times. Like 
the previous approach, there are a set of transition probabilities associated with each and every state of the 
occupant. For example, the different states that an occupant exists during the day might be sleeping, 
watching TV, cooking, using computer etc. At discrete points in time, an occupant will change states with 
some transition probability. To maintain stochasticity in changing states, random number generators were 
used to simulate the transitions. Refer to Figure 4 for better understanding. From the Figure 4, at time-step 
k, the algorithm generates a random number and by virtue of that, an activity is selected based on the activity 
probability distributions for that time of the day. In Figure 4, blue circles represent occupant activities. This 
step is used across all different occupants of the house hold. 
 
Figure 4: Occupant transition between Time periods (Widen et al.2009) 
 
 The occupant behavioral patterns were recorded for all occupants during the day and finally converted 
to total demand by summing across individual time periods. The method only looks at the occupant behavior 
making appliance behavior irrelevant and hence the name occupant-based approach. 
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3.2.1 Occupant-Based Methodology Research Papers 
This section of the literature review discusses in detail, the various papers that used occupant behavior to 
model the system. Widen et al. [21] developed a simulation model that helped capture the electrical demand 
based on occupant behavior. This research used a Non-Homogenous Markovian model to capture the 
occupant behavior into a synthetic pattern and then used the pattern to map the total demand. This paper 
was able to accurately capture occupant behavior and helped define occupant behavior as a valid approach 
to demand modeling. Widen at al.’s also started the debate as to using an appliance usage model vs occupant 
behavior model for more accurately simulating electrical demand. The extension of Non-Homogenous 
Markovian models to occupant behavior served as a main ingredient in many of the future studies about 
electricity demand simulation. The model developed did not capture appliance behavior and the nature of 
Markovian model used made it hard to track the continuous changes in the system. The model proposed 
was scalable to multiple occupants and was also versatile enough for testing several demand management 
strategies. The paper was the first to introduce the concept of shared/unshared appliances between 
occupants. However, factors like non-homogeneity, lack of continuous modeling with time, multi-appliance 
usage for the same occupant, environmental data consideration etc. could be used to further improve the 
research. However, the paper remains fundamental to this thesis, in that paper were explained the principle 
behind occupant-based methods, identifying gaps in past model and identifying what is required for a 
simulation model to be more realistic/logical so that it will perform well in a real-world scenario. 
Nilsson et al. [22] tried to connect the occupant behavior approach to the appliance behavior 
approach. They used the occupant behavior approach to model lighting demand which requires occupant 
presence. This paper was also novel by taking into account environmental conditions, location and time 
into the model. 
With the development of two useful methodologies, an appliance-based methodology (Bajda et al., 
[18]) and an occupant-based methodology (Widen et al., [21]), the primary focus of many of the later studies 
shifted from developing a new methodology to applying them for different applications. The next section 
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discusses some of these applications. Looking into these studies, helps to illustrate the differences in the 
existing methodologies and finally helps to motivate the methodology developed. 
3.3 Modeling Applications 
Lopez et al. [23] applied the appliance level method to simulate the demand profiles in Spain. The research 
was able to clearly capture the electrical load profiles of a set of households. The model was so granular 
that it would pin point the appliances that contributed to the peaks observed throughout the day.  The model 
was unable to capture active/ inactive occupancy patterns because demand also happens to be a function of 
both electrical appliance usage and occupancy patterns. The methodology developed was limited in scope 
for not considering continuity, non-homogeneity just as in Stadler et al. [17].  
Wilson et al. [24] attempted to model electrical demand as a function of occupant presence 
(behavior), climate, demographic, rural and urban factors. A poly-regression model was developed as a 
functional representation of the above factors. The model with its new methodology was able to capture 
trends to a considerable extent. The model was limited in not being able to generalize to incorporate other 
demand management strategies or model continuous changes in the system. 
There have also been several studies that have extended the occupancy-based model developed by 
Widen et al. [21]. Gottwalt et al. [25] used the occupant behavior approach to simulate electrical demand 
upon variable power prices. Zuniga et al. [26] proposed a fuzzy logic approach to model occupant behavior 
under variable conditions. Ciabattoni et al. [27] also used a fuzzy logic model based on occupancy patterns 
to model consumer behavior.  
3.4 Summary 
All of the contemporary works depend on either of the two methodologies namely: appliance-based 
methodology which maps appliance usage patterns through the day to demand pattern and the occupant-
based methodology which maps occupant behavioral patterns to the overall demand pattern. From the 
review of the research works in the last section, one could understand that these two methods are two 
separate ideologies implemented to reach a common goal: to be able to model the demand pattern of a 
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household with considerable accuracy. Both the methodologies have their own pros and cons in mapping 
the overall demand pattern. Previous works have not combined both the appliance and occupant behavior 
into one model, and there is no research in the direction of how the appliance and occupant behavioral 
patterns react to each other when combined. This thesis identifies the combined model logic as a potential 
research direction and is a direct attempt to formulate a simulation methodology combining both the 
appliance-based and occupant-based approaches. The work will also involve validating the developed 
combined methodology to determine how close the methodology can simulate the real-world data patterns 
given appropriate parameters. Other common research gaps identified were the inclusion of options like 
scalability to any number of occupants, versatility to any demand response strategy, non-homogeneity of 
data, multi-appliance usage, multi-occupant usage, environmental data consideration, shared/unshared 
appliances usage, all of which were not properly modeled in any of the prior research works and served as 
a limitation in trying to make the models realistic.  
The next section of the document will give a detailed overview of the methodology developed. 
Details on the validation methodology developed will also be discussed. 
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4. Methodology 
This thesis attempts to create a discrete event simulation methodology that simulates the demand patterns 
of individual households while providing details of the activities contributing to the demand. Accurate 
demand patterns of households help in classifying different households in a region into several different 
classes, which may further assist the utilities to help evaluate several demand management strategies in a 
quick and efficient manner. 
From the literature review section, two major contemporary methodologies, namely, the appliance 
and occupant-based methodologies, were studied and a new research direction of how to combine these 
methodologies into one to achieve better results will be pursued in this work. Also, from the previous 
section several other realistic gaps were identified which will be presented in detail in the following section. 
This section of the document will at first present the desired model characteristics which were identified 
from the gaps and limitations of the prior works followed by a detailed review of the simulation 
methodology and the validation methodology used. 
Bajda et al. [18] classified electrical demand simulation strategies into two types: aggregate 
planning models and bottom up models. Aggregate planning strategy as the name suggests is a top down 
approach that looks only into aggregate demand. For example, if there is an apartment complex with 50 
households, this method only looks at the aggregated demand of all the 50 households and ignores the 
individual behavior of each of the 50 households. Typical applications of this methodology would include 
transformer sizing and power plant sizing that need data about aggregated demand of the neighborhood or 
the city to be served. Since evaluating demand management strategies requires information on a granular 
level for each and every occupant of the household, this methodology cannot be used. 
The second main category of electrical demand simulation models is the bottom up approach. As 
the name suggests, this method, unlike the previous one, has a more granular focus that attempts to track 
patterns on the level of occupants or the appliances used at home. For example, to evaluate the demand 
patterns of a household using the bottom up, either the appliance or occupant behavior pattern will be 
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simulated and converted to demand as a function of time. The granularity inspired by this approach helped 
capture many of the intricate demand patterns during different times of day and hence became a popular 
choice of methodology for simulating electrical demand. The two methodologies that inspired this thesis 
are regarded to be a subset of the bottom up class of models. 
Bottom up models are known for expressing the change in system states with time. In order to 
express system states as a function of time, a Non-Homogenous Markovian model was used to indicate the 
different states, and to express the transition probabilities between states at different times. For example, it 
is simple to assume that a network can exist in any one of the three states namely heavy load, medium load 
and light load. At different discrete points in time, the state of the system will transition from one to other 
with some Non-Homogenous transition probabilities. With the right data inputs, this Non-Homogenous 
Markovian system could be treated as a discrete event simulation model, that changes state at discrete points 
in time. This method of expressing a Non-Homogenous Markovian process as a discrete event simulation 
is used in many of the models used to simulate electrical demand, and also in the methodology created by 
this research. 
4.1. Desirable Model Characteristics 
This section discusses the desirable model characteristics which were distilled from the limitations and gaps 
in the prior works from the previous literature review section. 
 The simulation model used for evaluating demand management strategies is expected to compute 
the final demand as a function of the time of day and the status (ON/OFF) of all the appliances as a function 
of time. Evaluating demand management strategies requires a good understanding of the appliance behavior 
and occupant behavior. Appliance behavior might be defined as status of appliance (ON/OFF) throughout 
the day. Appliances also tend to behave differently with time. For example, the duration for which an 
appliance stays ON or OFF vary with time of the day which could be computed as a probabilistic function 
based on historic data. The simulation model is expected to estimate the appliance behavior in such a 
manner. 
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Occupant behavior might be defined as status of the occupant (present/absent at home) as a function 
of time of day as well as occupant’s current activity. Occupant behavior, like appliance behavior, tends to 
change with a lot of factors like time of day (morning/afternoon/evening), type of day (weekday/weekend) 
and type of person (worker/non-worker) etc. A valid simulation model should be able to capture the 
occupant’s behavioral patterns as a function of all the above-mentioned factors. The behavior of the 
appliance and the occupant are also inherently connected. Only if the occupant is present at home, is it more 
likely that many of the appliances would be turned ON. The behavioral pattern of the occupant also affects 
the status of appliances. For example, it is more likely that people who stay up late at home, would be using 
lights for more time than those who sleep early. 
Once an appliance is turned ON, the duration for which it will remain ON depends on the time of 
the day. For example, a working occupant is more likely to watch more TV in the evenings than in the 
mornings when he/she will be busy preparing for his/her work. So, a model that is able to capture appliance 
behavior and occupant behavior and which also establishes a precise connection between them is highly 
desirable. 
Another desirable quality of the model would be a continuous nature, by which the model should 
be able to update continuously with time rather than in fixed time windows. In all the simulation studies 
reviewed, a time window is considered and in that window the system state is assumed to be same, and 
after that window a transition may take place. For example, in some of the papers it is assumed that the 
state of the system changes every hour. By doing this, the appliance and occupant behavior are not 
realistically modeled. People do not change their activities precisely at pre-specified time units. 
Furthermore, activity durations will change based on the time of the day.   
Models are also expected to be versatile. By versatility, the model should be able to generalize to 
any demand management technique rather than a fixed set of techniques. For instance, in some of the works 
reviewed, the model was formulated only keeping in mind one particular demand management strategy 
they needed to evaluate. To increase versatility, realistic issues like environmental conditions are also 
expected to be included in the model as they directly affect the appliance behavior. For example, it is highly 
 
 
18 
likely that an occupant will use more air conditioning in summer than in winter. Lighting is also affected 
by the outside light conditions. 
  The model should be able to deal with many realistic issues like the concept of an appliance being 
shared between occupants, the concept of multi-appliance usage for the same occupant, multi-occupant 
usage of the same appliance, and appliances that are independent of occupant presence. The model should 
also be able to generalize for types of occupant (worker/non-worker), age of occupants, location of 
household (for environmental factors to be considered). A model with all the above desired characteristics 
will be a more realistic and logical tool when compared with the contemporary works for evaluating demand 
management. One downside of the proposed methodology is high data dependence since a multitude of 
factors are considered and a lot of parameters need to be specified for the model to work. The stochastic 
nature of the different factors again demands Non-Homogenous data sets increasing the data dependence 
of the modeling frame work. Most of the studies that were reviewed in the previous section, strive for 
simplicity of the model in terms of making the model data independent and for that reason they had limited 
scope in capturing the trends in a more realistic way. Table 1 summarizes the desired characteristics in a 
simulation model that could support demand management research 
Table 1: Desired characteristics of the simulation model 
Desired Characteristics Description 
Appliance behavior Ability to record appliance usage patterns as a function of time 
Occupant behavior Ability to record occupant behavior as a function of time 
Linking Function Ability to link appliance and occupant behavior in the appropriate way 
Versatility Ability to use simulated data to evaluate different types of demand 
management strategies 
Scalability Ability to be scaled up to a collection of households 
Continuity Ability to perceive continuous changes in the system with time 
Geographic 
considerations 
Ability to link environmental conditions to appliance and occupant 
behaviors 
Multi-occupant usage Ability to study the effect of multiple occupants on the appliances of a 
household 
Shared/Unshared 
appliance usage 
Ability to share appropriate appliances between occupants 
Non-homogeneity Ability to model time dependent behavior through the day 
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 4.2 Model Framework 
The approach of this thesis is to combine the occupant and appliance behavior models, while making sure 
all the characteristics mentioned in Table 1 are accounted for. With knowledge about using a Markovian 
Non-Homogenous process in a discrete event simulation model, the research started by classifying 
appliances, activities (occupant behavior), occupants and days into different types and then establishing a 
valid connection between them in the hybrid methodology developed. The following section provides 
details of the modeling framework including classification of appliances, classification of occupant 
activities, description of data required, description of model logic, realistic issues addressed and model 
output. 
 
4.2.1. Types of Occupant Activities 
An “activity”, in this methodology could be defined as any pursuit performed by the occupant at home such 
as cooking, sleeping and watching TV. Activities have been divided into two types: Primary and Secondary. 
Each type is described below: 
• Primary Activity – All the activities of the occupants that can happen separately, or in 
combination, with any other primary activity during a time interval. Examples include watching 
TV and cooking. An occupant could only cook for a time interval or only watch TV for an interval 
or he/she can do both of them. Primary activities are activities which are perfectly logical to happen 
alone during a time interval. Primary activities also include activities that don’t make use of an 
electrical appliance such as reading, sports, sleeping and leaving the house. Primary activities are 
further divided into three types for effective and realistic modeling of demand: 
- Exclusive Primary Activity: Primary activities that require shutdown of every other 
primary activity for an occupant when engaged. Secondary activities can continue 
uninterrupted. Examples include the occupant using the bathroom, when he/she 
restrains from performing any other primary activity. 
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- Exclusive Activity: Primary activities that require shutdown of every other primary 
and secondary activity of an occupant when engaged. Examples include the occupant 
leaving the house, when he/she cannot directly engage in any other primary or 
secondary activity. 
- Non-Exclusive Primary: Primary activities that can happen in parallel with any other 
primary activity. Secondary activities can also happen in parallel in this case. Examples 
include the occupant watching TV or cooking, when he/she can involve in a multitude 
of primary and secondary activities in parallel. 
• Secondary Activity – All the activities that cannot happen alone during a time interval. Secondary 
activities can happen only in combination with a primary activity.  Secondary activities are always 
completed in concert with one or more primary activities. An example is charging electronics. An 
occupant just charging his phone during an interval of time and doing no other activity in parallel 
does not typically occur. Secondary activities are always completed in concert with one or more 
primary activities. 
The activity classification mentioned above plays an important role in classifying different appliances 
and helps connect them with the occupant behavioral patterns as explained in the next section. 
 
4.2.2. Types of Appliances 
In this study, appliances are classified into three different types in a view of connecting them with the 
different occupant behavioral patterns. The classifications are: 
• Occupancy dependent appliances – These appliances turn ON only when the occupant is present at 
home. Most of the household appliances fall under this category. For example, appliances like TV, 
stove, dryer have more chance of being turned ON only when an occupant is at home. 
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• Occupancy independent appliances – These appliances do not demand occupant presence to be 
turned ON. For example, appliances like a freezer and Wi-Fi router are always ON irrespective of 
the occupant presence. 
• Occupancy and environment dependent appliances – These are a small subset of appliances that 
depend on the environment and occupancy. For example, lights are ON only when an occupant is 
present and environmental conditions are dark, air conditioners are ON only when an occupant is 
present, and the ambient temperatures are above comfort zones. 
The proposed methodology allows for any number of appliances and activities to be modeled.  More 
details on the activities/appliances considered for the model will be provided in the experiments and results 
sections. 
 
4.2.3. Types of Occupants 
The methodology proposed can be extended to distinguish between and simulate different types of 
occupants. In this research, two major occupant types are considered: worker occupant and non-worker 
occupant. For the different occupant configurations considered, refer to section 5.2 for more details. 
 
4.2.4. Types of Time Intervals 
The methodology proposed can also be extended to distinguish between and simulate different types of 
time intervals. These might include intervals like month, day, week or even hours. In this research, two 
major types of time intervals (days): weekdays and weekends are considered, to help simulate and model 
the occupant behavior and total demand. 
 
4.2.5 Data Required for the Model 
The methodology developed requires many data inputs during different times of the simulation. All input 
data for the probability of engaging in certain activities were obtained from American Time Use Survey 
(ATUS) [8]. Refer to Table 2 for different sets of data required. 
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Table 2:  Input data for model 
Dataset Description 
Hourly solar/temperature data Hourly temperature and solar irradiance data for air 
conditioning purposes. Can be categorized for different 
seasons. 
Number of Primary activities data Depending on type of occupant and on time of day, 
probability of an occupant doing 1,2 or 3 primary 
activities. 
Primary activity duration data Depending on activity and time of day, how long could a 
primary activity last. For example, it is more likely an 
occupant watches more TV in the evening than in the 
afternoon. 
Number of secondary activity data Depending on type of occupant and on time of day, 
probability of an occupant doing 1,2 or 3 secondary 
activities. 
Secondary activity duration data Depending on activity and time of day, how long could a 
secondary activity last. For example, A worker will be 
more likely to charge his mobile for a longer time in 
evening than in morning. 
Primary and Secondary Activity 
probability data 
Depending on type of occupant and on time of day, 
probability of different primary and secondary activities 
that can happen at that time. 
 
Hourly solar/temperature data makes the model be location/environment dependent making the 
methodology more versatile. Environmental data directly controls the likelihood that an environmental 
appliance will be turned ON or OFF. 
The number of primary activities data allows an occupant to be engaged in multiple activities at a 
time and differs between occupant types. As occupants are allowed to engage in multiple simultaneous 
activities they may share the use of appliances with other household members. 
Primary and Secondary activity data helps the model simulate realistic activity choices possible amongst 
occupants for any given time. 
Primary and secondary activity duration data allows occupants to engage in an activity for any 
continuous length of time. This allows the electrical demand pattern to change in a continuous manner as 
well, rather than jump at particular time intervals as previous research. All the data sets mentioned are Non-
Homogenous meaning their value changed with different times of the day. 
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 The above-mentioned datasets can be further refined into four occupant types for the model that 
was implemented. The four occupant-time interval combinations are worker – weekday, worker – weekend, 
non-worker – weekday and non-worker – weekend, where a worker is someone who leaves the house for 
work during the day, and a non-worker remains at home for the majority of the day. All datasets inputted 
change with time of day (Non-Homogenous in nature). Refer to Figure 5a for a sample of probabilities of 
events (TV and leaving home) through the day from which it could be understood that the activity 
probabilities change with time and Figure 5b for a sample of duration data for watching TV which also 
change depending on the time of day. These two samples are from the worker – weekday dataset. 
 
Figure 5: Sample Non-Homogenous worker – weekday data:  a) activity probabilities b) activity duration 
Detailed discussions on the data collection process and the manual data engineering involved will 
be presented in Section 5. 
 
4.2.6 Hybrid Model Logic 
The methodology was developed to combine both occupant and appliance behaviors to help with model 
accuracy and simplicity. This section provides details of the model logic and implementation. 
In the model, the occupant is always assumed to be in at least one of the primary activity states. To 
begin, the model chooses the number of primary activities and secondary activities each occupant has to do 
based on distributions for that time of the day and occupant type. Once the number of activities has been 
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chosen, the model chooses which specific activities each occupant will do and for what duration. All of 
these are again chosen from the different Non-Homogenous data distributions listed in Section 4.2.3.  
The occupant is supposed to carry out each and every one of the primary activities for appropriate 
time durations chosen from the Non-Homogenous primary activity data. After the last of the chosen primary 
activities has ended, the entire process of selecting the new primary and secondary activities is repeated. 
Secondary activities are carried out in parallel to primary activities, and in parallel to other secondary 
activities. 
The model is also capable of detecting the presence/absence of occupants at home and will 
automatically turn ON devices like environmental appliances after having referred to the hourly 
solar/temperature data. The model created could be used for any number of occupants, any number and 
type of appliances promoting versatility and scalability characteristics mentioned in Table 1. A short 
pseudocode on the methodology providing details about the time update mechanism, environmental 
conditions and also a flowchart will be presented next for better understanding the methodology. 
The output from the model would be power consumed at any time instance coupled with the 
appliances in use at that time instant. The total power consumed at any instance t would be given by 
expression (1), where 𝑃"# is the power consumed by appliance i at time t, 
                                                                           𝑷𝒐𝒘𝒆𝒓𝒕 = ∑ 𝑷𝒊𝒕𝒊  .                                                              (1)                                                                              
The model formulated can be scaled to any number of occupants and can be adjusted to different 
locations and different climate zones.  A flow chart of the entire model with the appropriate data inputs 
required at different stages of the model is presented in Figure 6 for further reference. 
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Figure 6: Proposed simulation methodology 
 
4.2.7 Pseudocode 
This section will present pseudocodes on how the different components of the model work in parallel to 
produce the desired results. This section will start with the notations to be used for all pseudocodes followed 
by a detailed explanation of the different components of the model. 
Notations:  
Let  
Occupants              set of all occupants 
Occu_type             set of all occupant types considered 
Occu_type[i]         occupant type of occupant i 
pa                           set of all primary activities 
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epa                         set of all exclusive primary activity Í pa 
ea                           set of all exclusive activities Í pa 
unshared_pa          set of all primary activities that cannot be shared between occupants Í pa 
sa                           set of all secondary activities 
Power_pa [p]         power ratings for an appliance related to primary activity p 
Power_sa [s]          power ratings for an appliance related to secondary activity s 
Status_pa[i,p,t]      ,1	if	occupant	i	engages	in	primary	activity	p	at	time	t0	otherwise  
Status_sa[i,s,t]       ,1	if	occupant	i	engages	in	secondary	activity	s	at	time	t0	otherwise  
l[t]                          number of lights being ON at time t in the household 
pres[t]                    ,1	if	occupant	present	at	home	during	time	t0	otherwise  
power_l                 power ratings of a light  
power_HVAC       power ratings of using HVAC 
cpa{}                     empty set where primary activities selected at time t for an occupant will be added 
csa{}                     empty set where secondary activities selected at time t for an occupant will be added 
enpa[i,t]                 set of of engaged primary activities for occupant i at time t 
ensa[i,t]                 set of of engaged secondary activities for occupant i at time t 
 
Algorithm 1 presented below, explains how time updates in the model, by virtue of which different primary 
and secondary activities are chosen and executed for each occupant. 
Algorithm 1: Choose and Engage Activities 
time t = 0 
epa[i,t] = [] 
esa[i,t] = [] 
# Choose activities 
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while (t<end_of_simulation): 
 for i in Occupants: 
  cpa = {} 
  csa = {} 
  np = model.choose_number_of_primary_activities (time, Occu_type[i]) 
  cpa = model.select_primary_activities (np, time, Occu_type[i]) 
  if any[cpa] in ea{}: 
   model.execute(Algorithm 5) 
  else if any[cpa] in epa{}: 
   model.execute(Algorithm 6) 
ns = model.choose_number_of_secondary_activities (time,   Occu_type[i]) 
   csa = model.select_secondary_activities (ns, time, Occu_type[i]) 
  else: 
ns = model.choose_number_of_secondary_activities (time, Occu_type[i]) 
   csa = model.select_secondary_activities (ns, time, Occu_type[i]) 
  for p in cpa: 
   if p is in unshared_pa{}: 
    model.execute (Algorithm 7) 
   else: 
    pass() 
# Engage activities 
iter == 0 # a variable for keeping track of the number of primary activities 
strt_time_pa = [] #empty list for keeping track of all primary activity start times in order 
end_time_pa = [] #empty list for keeping track of all primary activity end times in order 
strt_time_sa = [] #empty list for keeping track of all secondary activity start times in order 
end_time_sa = [] #empty list for keeping track of all secondary activity end times in order 
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for p in cpa{}: 
if iter==0: 
original_t = t # a variable for keeping track of time at iteration 1 
strt_time_pa[iter] = t 
end_time_pa [iter]= model.determine_end_time(p, occu_type[i],t) 
   for t in (strt_time[iter]..end_time[iter]): 
enpa[i,t].append(p) 
  Status_pa[i,p,t]==1 
  iter+=1 
else: 
delay_time = model.execute(Algorithm 4) 
t = t + delay_time() 
strt_time_pa[iter] = t 
end_time_pa [iter]= model.determine_end_time(p, occu_type[i],t) 
for t in (strt_time_pa[iter]..end_time_pa[iter]): 
  enpa[i,t].append(p) 
  Status_pa[i,p,t]==1 
iter+=1 
max_time  = max(end_time_pa[]) 
iter ==0 
for s in csa(): 
strt_time_sa[iter] = original_t 
end_time_sa [iter]= model.determine_end_time(p, occu_type[i],t) 
for t in (strt_time_sa[iter]..end_time_sa[iter]): 
ensa[i,t].append(p) 
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Status_sa[i,s,t]==1 
iter+=1  
t = t + max_time 
end while() 
 
Algorithm 2 below, details how environmental appliances are chosen to be turned ON or OFF 
during a time t. 
 
Algorithm 2: Environmental load  
# Light load calculations 
for t in Time: 
 l[t] = 0 
  for i in Occupants: 
   if any enpa[i,t] != “going out” 
    if (solar_data[t] <= comfortable threshold): 
     l[t]+=  card[enpa(i,t)] 
    else: 
     l[t] = 0 
   else: 
    l[t] = 0 
# HVAC load calculations 
 for t in Time: 
  if any enpa[i,t] != “going out” 
   if temp_data[t] >= comfortable threshold: 
    pres[t] = 1 
   else: 
 
 
30 
    pres[t] = 0 
  else: 
   pres[t] = 0 
  
Algorithm 3 below explains how total power consumed at every time unit t is calculated. Power 
consumed is calculated for all occupants at any time t and then summed to give total power of the household 
for the day. 
 
Algorithm 3: Power calculation mechanism  
for t in Time: 
Total Power[t] = ∑(i,p) (Status_pa[i,p,t] x Power_pa[p]) + ∑(i,s) (Status_sa[i,s,t] x Power_sa[s]) + l[t] 
x  power_l + pres[t] x power_HVAC 
 
The above three pseudocodes present some of the important aspects of the proposed simulation 
methodology. Algorithms 4, 5, 6 and 7 referenced in the above pseudocodes will be explained in detail in 
the next section. 
4.2.8 Realistic/Logical Constraints Formulated 
This section will explain in detail, the many logical constraints that were built into the methodology to fill 
the gaps from the reviewed research papers and also to satisfy some of the desired characteristics from 
Table 1. Pseudocodes will be used to explain the constraints if necessary. The constraints are described 
below: 
• Non-Homogenous datasets – All the data sets input are Non-Homogenous in nature, meaning their 
values change with different times of the day. 
• Use of time delays – In the case of multiple primary activities happening for an occupant, a time 
delay was used to initialize each of these activities. These time delays themselves are again Non-
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Homogenous. For example, it is highly likely that an occupant will choose to do multiple primary 
activities during different times of the day. It is also possible that a worker would like to start and 
complete all these activities as soon as possible early morning before he leaves for work. This 
would not have been the case if it were weekend or evening after work, where the occupant might 
not be in a hurry to finish off all of his activities. This constraint enforces such a condition to the 
model. Algorithm 4 details how a time delay will be introduced when an occupant decides to do 
multiple activities for some time t 
 
Algorithm 4: Time Delay 
def Delay_time (occu_type[i], t): 
delay_time = determine from probability distribution over time interval with reference to    
occupant type and time of day 
return delay_time() 
 
 
• Primary and secondary activity shut down – When the occupant engages in any exclusive activity 
like going out, the model shuts down all other primary and secondary activities for the occupant at 
that time t. Algorithm 5 details how the occupant will behave if he/she chooses to do an exclusive 
primary activity that dictates the termination of every other primary and secondary activity for that 
occupant at that time. 
 
Algorithm 5 : Primary and Secondary Activity Shutdown 
def exclusive_activity (cpa[]):  
for c in cpa: 
   if (c in epa{}): 
    delete all primary activities in cpa except c 
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    csa = null_set{} 
     else:  
    pass() 
 return cpa[], csa[] 
 
• Primary activity shutdown – When the occupant engages in an exclusive primary activity like using 
the bathroom, the model shuts down all the other primary activities scheduled for the occupant at 
that time t. The secondary activities however, can proceed un-interrupted. Algorithm 6 details how 
the occupant will behave if he/she chooses to do an exclusive activity that dictates the termination 
of every other primary activity for that occupant at that time. 
 
Algorithm 6: Primary Activity Shutdown 
def exclusive_primary_activity (cpa[]):  
for c in cpa: 
   if (c in ea{}): 
    delete all primary activities in cpa except c 
     else:  
    pass() 
  return cpa[] 
 
• Activity Sharing - Whenever one or more occupants choose an activity that could be shared, the 
total power consumption due to that activity will be shared between occupants. 
• Sharing reassignment – When two or more occupants are directed to an activity that cannot be 
shared, the first occupant will be permitted to carry on the activity while the second one will be 
redirected to the random number generator to facilitate picking another likely activity. The best 
example is when using the bathroom, if the bathroom is occupied then the occupant will have to 
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choose another activity to do until the bathroom is free. Below is the pseudocode explaining how 
this could happen between two occupants in a household. Algorithm 7 below details how an 
occupant will behave when he/she chooses an activity that cannot be shared between occupants. 
Algorithm 7: Primary Activity Blocking 
 def unshared_activities (p, occupants, time t): 
  if p in enpa[i, t] for any other occupants at time t: 
   cpa[p] = model.rechoose (primary_activity) 
  else: 
   cpa[p] = p 
  return cpa[p] 
 
• Secondary activity limiter – All secondary activities cannot happen more than 3 times in the system 
per day. For example, an occupant cannot charge his mobile phone and tablet more than three times 
a day. 
• Activity repetition – The same activity cannot happen in a sequence repeatedly. 
 
This section in detail explained some of the constraints that were implemented in the model to make 
the model more realistic and to make it to have some of the desired characteristics from Table 1. The 
following section in detail will deal with the different validation methodologies/strategies formulated to 
verify and validate the devised methodology. 
4.3 Validation Methodology 
With the model framework and methodology defined in Section 4.2, this section will detail with the 
validation and evaluation strategies developed. The model will be evaluated against real world data obtained 
from de-identified households in Phoenix, Arizona. The validation/evaluation will primarily involve two 
different tests namely: statistical evaluation and non-parametric evaluation tests. 
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4.3.1. Statistical Evaluation 
Statistical evaluation techniques will involve statistical hypothesis testing methods [9] that help measure 
the similarity between two independent data distributions giving rise to confidence intervals and significant 
levels. For the ease of use, simplicity and for their high interpretable nature, statistical hypothesis tests will 
be used in this work to measure similarity between the two data distributions under study (model data and 
real-world data), to help determine how confident the model is during different times of the day and to help 
gain some intuitions on the working of the model. 
  All these tests are conducted under the assumption that the data points in the distribution are 
independent and identically distributed (iid). The Statistical hypothesis test used in evaluating the model is 
called Kolmogorov-Smirnov test (KS test), which will further be expanded upon in the next section. 
4.3.1.1. Kolmogorov-Smirnov(KS) Test 
The KS test [10] is a test of equality of continuous probability distribution (here the simulated demand 
profile) that can be used to compare a sample with reference probability distribution (the actual demand 
profiles). The KS test at any instance, takes an input of the means, variance and number of samples of two 
distributions to come up with a p-value that will determine the similarity of the distributions being 
compared. The p-values for the tests are computed by comparing the distributions in a n-dimensional 
coordinate space using distance measures (usually squared distance metrics are used). The two-sample KS 
test statistic(D) helps measure the similarity between two empirical distributions F1(x) and F2(x)   and could 
be mathematically defined by the expression 
                                                               D = sup|F1(x) – F2(x)|.                                                                (2) 
The D statistic will then be modeled into a Kolmogorov distribution which in turn yields p-values 
for level of confidence calculation. The value of the confidence level where the KS test reports significant 
results can be reported as the level of confidence for the model at that time. This level of confidence can 
in turn be used for validating the model on a statistical basis. 
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Each of these empirical distributions are parametrized by the number of samples, mean and 
standard deviation. The formal null and alternate hypothesis tested by two sample KS tests are: 
Null Hypothesis (H0): 
Empirical distribution 1 = Empirical distribution 2  
Alternate Hypothesis (H1): 
Empirical distribution 1! = Empirical distribution 2  
To extend the KS test to the model, demand profiles at every hour were assumed to be generated 
by independent distributions (one distribution analogous to real-world data and the other analogous to the 
simulation model) and a comparison was made at every hour through the day to come up with levels of 
confidence and significant levels. To do this, the mean and variance over the number of samples were 
computed for every hour to serve as inputs for the 2-sample KS test. Thus, the null and alternate hypothesis 
of the KS test extended for the statistical evaluation process would be: 
For every hour during the day: 
       Null Hypothesis (H0): 
Distribution generated by real world data = Distribution generated by simulated model 
       Alternate Hypothesis (H1): 
Distribution generated by real world data! = Distribution generated by simulated model 
4.3.2. Non-Parametric Evaluation 
Non-parametric evaluation deals with a set of heuristics that are industry friendly [11] and they will be used 
to show how the model generated profiles can be clustered with the real-world profiles. In this section one 
such heuristic in the form of a clustering technique will be used to produce clusters for real-world and model 
data. Finally, cluster similarities between the real-world data and model data will be computed to verify 
and validate the methodology proposed. Higher cluster similarities mean success of the methodology 
whereas low similarities indicate further room for improvement in the methodology.  
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The final goal of Non-parametric evaluations is to show that the model generates profiles that can 
be clustered with profiles from real world data. Although there are a multitude of techniques under the 
clustering umbrella, the following section provides insights into how the appropriate clustering technique 
was chosen for this research. 
4.3.2.1. Choice of Clustering Technique 
Conventional clustering methods like k-means require the number of clusters to be given as an input. With 
such an input, the algorithm will optimize the cluster structures in data through several iterations to 
minimize the overall intra-cluster distance and maximize the overall inter-cluster distance. Inter-cluster 
distance might be defined as the distance between the different cluster centroids themselves. Maximizing 
inter-cluster distances will achieve maximum amount of separation between clusters. Intra-cluster distance 
might be defined as the distance between each of the data points to their allotted cluster centroids. 
Minimizing intra-cluster distances will help achieve tighter and more homogenous clusters. Refer to Figure 
7 for an example of a good clustering algorithm. 
 
 
Figure 7: A good clustering algorithm 
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To evaluate the number of clusters to be used as an input to k-means, a simple plot of the average 
intra cluster distance vs the number of clusters is used conventionally. Here, average intra-cluster distance 
refers to the intra-cluster distance of all data points averaged over the number of clusters. Refer to Figure 8 
for a sample plot. 
 
Figure 8:  Number of clusters plot producing a shoulder 
As noted in the Figure 8, the conventional intra-cluster plot produces a shoulder. It is only up to 
this shoulder that the clusters absorb the real signal in the data. Any number of clusters produced after the 
shoulder in the plot, just absorb more of the noise than the signal resulting in overfitting and poor 
performance. 
Such a plot was used to determine the right number of cluster centers for the data. A stratified 
sampling mimicking the real world split from the census (75 two occupant households and 25 one occupant 
households) was performed with a hundred simulated days of data and k-means with several number of 
cluster inputs was run to collect data and a plot was made. Each data point in the sample was 24-dimensional 
vector meaning each of the dimensions represented an hour of demand during the day. Refer to Figure 9 
for the plot. 
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Figure 9: Number of clusters plot for the model generated data 
  From the plot, it is easy to see the existence of multiple shoulders as the number of clusters are 
increased. This in turn means that different significant clusters are formed at different levels of the number 
of clusters as opposed to the one shown in Figure 8, where after the shoulder, the algorithm keeps absorbing 
more noise than the signal from the data. This means the data points cannot be hard clustered into separate 
clusters and that there exist many clusters that share data points between themselves. Such data clusters are 
known as soft clusters. Refer to Figure 10 for difference between hard and soft clustering techniques. 
 
 
 
 
 
 
 
 
 
 
 
Figure 10: Difference between hard and soft clustering techniques 
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To circumvent the above stated problems, a hybrid approach was chosen where the number of 
clusters were determined using a soft clustering technique and then the data were hard clustered using the 
number of the clusters determined by the soft clustering technique. Gaussian mixture models (GMM’s) will 
be used as a soft clustering technique and k-means will be used as a choice of hard clustering technique. 
Both of these techniques will be discussed in detail in the next two sections. 
4.3.2.2. Gaussian Mixture Models  
Gaussian mixture models (GMM)[12] are a subset of unsupervised machine learning algorithms, that help 
cluster unlabeled data sets. Gaussian mixture models make the assumption, that all the data are generated 
from a Gaussian distribution of fixed mean and standard deviation for each of the k clusters. Each Gaussian 
is representative of a cluster. The inputs to the algorithm will include the number of Gaussians (k) and all 
the data instances. The algorithm initializes with a random mean (µ) and standard deviation (σ)  for each 
of the k Gaussians and calculates the likelihood (∅) of each of the data points (x) belonging to each of the 
k clusters. The algorithm iterates over the data set multiple times finding the likelihood of each data point 
(x) to each of the k clusters, assigning them to the cluster of maximum likelihood measured using gaussian 
densities N(x|µK, σK) where i represents each of the k clusters. During each iteration the parameters of the k 
Gaussians (µK, σK)  are updated as data instances may enter and leave the clusters due to k Gaussians.  
The math behind GMM’s are defined by the expressions below: 
p(x) = ∑ ∅𝒊𝑵(𝒌𝒊O𝟏 𝒙|𝝁𝒊, 𝝈𝒊) 𝐍(𝐱|𝛍𝐢, 𝛔𝐢) = 𝟏𝛔𝐢√𝟐𝛑 𝐞𝐱𝐩^(𝐱^	𝛍𝐢)𝟐𝟐𝛔𝐢𝟐  
_∅𝒊 = 𝟏𝒌𝒊O𝟏  
 
A pseudocode on the GMM algorithm is presented below for better understanding: 
 
 
(3) 
(4) 
(5) 
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Algorithm 8: Gaussian Mixture Models (GMM) 
Input: k (number of clusters/Gaussians), data instances 
Output: a set of k Gaussians (clusters) with parameters (mean and variance) to each of k clusters 
Method: Maximum Likelihood Estimation (MLE) 
Randomly initialize k Gaussians (clusters) with random mean and variance parameters 
Repeat: 
• Initialize k Gaussians (clusters) with mean and variance parameters 
• Compute likelihood of all data instances to each of the clusters assigning them to the cluster with 
the highest likelihood 
• Re-compute mean and variance parameter of k Gaussians 
Until change in mean and variance parameters between iterations < threshold; 
 
The parameters of the different Gaussians (mean and variances) are learned using the Expectation-
Maximization (EM) procedure [28], which is directly derived from the Maximum likelihood estimation 
(MLE) algorithm [29]. The next section discusses in detail how to use the GMM algorithm to find the 
appropriate number of clusters in a way that maximizes the intra-cluster similarity between the clusters 
formed. This in a way helps maximize the information learned by the k clusters. 
4.3.2.3. Using Gaussian Mixture Models to Determine the Appropriate Number of Clusters 
In this section, Gaussian Mixture Model (GMM) discussed in Section 4.3.2.2 will be used to determine the 
appropriate number of clusters(k) which could be input to k-means. Python’s scikit-learn library was used 
to implement GMM and k-means algorithms. GMM’s have as an input, a metric for intra-cluster similarity 
in the form of percentage similarity of data points within the cluster. 
With the number of Gaussians to find(n) and intra-cluster similarity (m%) as the inputs, the GMM 
algorithms searches for n Gaussian clusters that provide atmost m% intra-cluster similarity between the 
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data points in each of the clusters. The GMM algorithm terminates when one of following conditions are 
met: 
• Min_iterations: Minimum number of iterations before the algorithm stops. Default is 10,000 
iterations. If an algorithm terminates with such a condition, then it might mean that no such clusters 
exist or more iterations might be required to proceed further. 
• Success: The algorithm has successfully found n-clusters with m% intra-cluster similarity within 
10,000 iterations. 
• Fail_run: The algorithm has tried all possible combinations of data points for a n-cluster and m% 
intra-cluster similarity and there exists no such cluster. 
Thus, using the above mentioned terminating conditions, different values for n-clusters and m% intra 
cluster similarity will be experimented upon, until no further analysis is possible in the dataset to choose 
the appropriate number of ‘k’ clusters. Refer to Figure 11 for detailed execution of the algorithm.  
 
Figure 11: Flowchart describing how to run GMM to find number of clusters 
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4.3.2.4. K-Means  
k-means [13] is a simple heuristic developed to help cluster homogenous data points. k-means takes as an 
input “k”, the number of hypothesized clusters, places “k” cluster centroids (x) among the data points (v) 
in random fashion, and then calculates the likelihood of each of these clusters to the data points assigning 
the data point to the cluster with the highest likelihood measured in the form of a squared distance between 
each of the data points (v) and the cluster centers (xi).  In each of these iterations, the k cluster centroids (xi) 
are also updated. The algorithm stops iteration when no point or only a minimum number of points switch 
clusters between iterations. The algorithm can be mathematically represented by the expression below: 
𝑱 = 	__(||𝒙𝒊𝒏𝒋O𝟏 − 𝒗𝒋||)𝟐𝒌𝟏O𝟏 = 𝟏	 
Refer to the below pseudocode to better understand the k-means algorithm. 
Algorithm 9: K-Means Clustering 
Input: k (number of clusters), data instances 
Output: k clusters with centroids for each of them and cluster membership information about all the data 
instances 
Method: Arbitrarily place k centroids in data and re-iterate until all data instances have the right cluster 
membership 
Repeat: 
• Calculate cluster membership of all the data instances with the k centroids measured in the form 
of squared distances 
• Assign the data instance to the centroid with the highest likelihood (lowest squared distance) 
• Re-calculate each of the k centroids using information about the data instances that share the 
highest likelihood with them 
• Update the cluster centroids 
Until change in centroids measures in squared distance between iterations < threshold; 
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5. Data Collection and Engineering 
This section of the document will provide detailed information about how the data was collected and the 
data engineering process which helped develop valid data distributions for different occupants during 
different times of the day. 
Data Collection involved collecting three major types of data from various sources. They are: 
• Activity Probability Data (Workers/Non-Workers) 
• Number of Activities Data (Workers/Non-Workers) 
• Hourly Solar/Temperature data  
Remaining sub-sections of this section will discuss in a detailed manner about how each of the three 
types of data were collected. 
 
5.1 Activity Probability Data (Workers/Non-Workers) 
 
This data distribution will help occupants pick the activities to do during different times of the day. From 
ATUS [30], information about the percentage of population engaging in different activities during a 
weekday, was obtained. This is a very detailed list of highly granular activities happening through the day. 
Since the methodology assumes a fixed set of appliances/activities, only those activities were considered to 
develop the data distribution. Some of the activities mentioned in [30] were also combined due to their 
granularity. For example, from [30], activities like food preparation, eating and clean up were combined 
into one activity, cooking in the model. Similarly, from [30], activities like sports, exercise and recreation 
were combined into just exercise in the model. Activities from [30], that had no relevance with the 
appliances/activities in the methodology were removed and the information available was re-normalized to 
obtain a valid probability distribution. Refer to the Appendix A1 for the complete distribution of different 
activities. See Figure 12 for the distribution of different activities through the day. This information again, 
is the average of both the worker and non-worker occupants. 
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Figure 12: Activity probability distribution through the day (weekday) 
 
 
The methodology developed in this research consists of two types of occupants: a worker and non-
worker occupant, which means the probability distribution in Appendix A1 should further be refined to 
incorporate the classification of the occupants. Unfortunately, ATUS does not provide information about 
how the employment status of the occupants affects the likelihood of the different activities in [30] during 
the day. However, there is information available about the percentage of the employed population working 
on the main job during the day [31]. Refer to Appendix A2 for the distribution of worker population working 
on their main job during different times of day. Refer to Figure 13 for the likelihood of the worker occupants 
working through the day. 
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Figure 13: Likelihood of worker occupant working through the day 
 
The distribution of the work probabilities from Appendix A2 was used to modify the distribution 
of the activities from Appendix A1, to generate two different activity distributions, one for the worker 
occupant and another for the non-worker occupant.  
For obtaining the distribution of the worker occupant during weekdays, the likelihood of the 
working/going out activity from Appendix A1 at any time will be assumed to be equal to the likelihood of 
a working occupant working at that time, obtained from Appendix A2. This might result in an increase or 
decrease of the overall probability mass resulting in an invalid probability distribution. This will be 
compensated by either the adding or subtracting equal proportions of probability mass from other activities. 
For example, the average likelihood of all the activities at 9 am in the morning from Appendix A1 is 
presented in the below table 3. 
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Table 3: Average likelihood of different activities at 9am 
Sleep Bath Cook Comp Read Exercise  Go-out Washer DWash TV 
19 10 11 4 3 2 29 1 1 20 
 
 From Appendix A2, the likelihood of a worker occupant leaving home at 9am for work is 55%. 
Using this information, the likelihood data in Table 3 will be updated by subtracting equal proportions of 
probability mass from all other activities, which in this case resulted in reducing each activity by 36%. See 
Table 4 for the updated activity probability data for worker occupants at 9 am. 
Table 4: Average likelihood of different activities for workers at 9am 
Sleep Bath Cook Comp Read Exercise  Go-out Washer DWash TV 
12.04 6.34 7 2.53 1.9 1.27 55 0.6 0.6 12.68 
 
 
See Appendix A3 for the actual distribution of the activities of worker occupants. See Figure 14 for the 
distribution of different activities for the worker through a weekday. In a similar fashion, the distribution 
for non-worker occupants is obtained and is presented in Appendix A4. See Figure 15 for the distribution 
of different activities for the non-worker occupant through a weekday 
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Figure 14: Activity probability distribution for a worker occupant (weekday) 
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Figure 15: Activity probability distribution for a non-worker occupant (weekday) 
   
Again, from ATUS [30], the percentage of population engaging in different activities during the 
weekend day was also obtained. Since the employment status of the occupants does not make a substantial 
difference during the weekend days, the same data was used for both the worker and non-worker occupants 
during the weekends.  See Appendix A5 for the actual distribution. See Figure 16 for the distribution of 
different activities of the occupant during a weekend day. 
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Figure 16: Activity probability distribution for occupants (weekend day) 
 
5.2 Number of Activities Data (Workers/Non-Workers) 
The methodology allows for the occupants to choose multiple activities during different times of the day, 
to make it more realistic [33]. However, ATUS [8] has no information about how likely occupants are to 
perform multiple activities through the day. So, a realistic data distribution was engineered for this purpose. 
This distribution was created with the opinion that during leisure hours occupants are more likely to do 
multiple activities than during busy hours where they are constrained, only to a set of highly likely activities. 
For example, the worker occupants during weekdays, between waking up and leaving for work are highly 
likely to do just the absolutely necessary activities while in the evenings after returning from work, they are 
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much likely to do multiple activities in parallel. See Appendix A6 and A7 for the multi-activity distribution 
of worker and non-worker occupants respectively used in the model. 
 
5.1.3 Hourly Solar/Temperature data 
Hourly solar/temperature data was directly obtained from the National Oceanic and Atmospheric 
Administration (NOAA) database [32]. This data was obtained by averaging the hourly solar and 
temperature data during the fall months between August 2016 and November 2016 in Phoenix, Arizona.  
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6. Experimentation 
This section in detail will discuss the model implementation along with model validation results. 
6.1 Model Implementation in Simio 
The simulation methodology developed was implemented in Simio, a commercial simulation package. The 
model was built in two parts namely: primary activities and secondary activities. Both the models were 
logically connected in the background. Refer to Figure 17 for the model implemented.  
 
Figure 17: Primary and Secondary activity models in SIMIO 
 
Although the methodology developed could be extended to any number of appliances, occupants 
and type of occupants, the proposed methodology was evaluated only for a fixed configuration of the 
occupants/appliances which will be explained later in the scope of the validation section. For instance, the 
configuration of the model in Figure 17 is a single occupant household. The model developed was validated 
for two types of occupants namely a worker and a non-worker, two types of time intervals namely a 
weekday and weekend. Households with one, two and three occupants were considered in the validation 
scheme. The appliances and activities that were modeled can be seen in Table 5 and Table 6 
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Table 5: Set of activities/appliances in the model 
Activity Status Power (W) Activity type Constraints in model 
Sleeping Unshared 0 Exclusive 
Primary 
All other primary activities are cancelled 
Bathing Unshared 500 Exclusive 
Primary 
All other primary activities are cancelled 
TV Shared 40 Primary Multi-appliance usage 
Cooking Shared 500 Primary Multi-appliance usage 
Computer Unshared 50 Primary Multi-appliance usage 
Reading Unshared 0 Primary Multi-appliance usage 
Excercise Unshared 0 Primary Sports can happen with TV  
Going out Unshared 0 Exclusive Going out kills all primary and secondary 
activities happening in parallel 
Mobile Unshared 5 Secondary A mobile phone can be charged a max of 
3x/day 
Tablet Unshared 5 Secondary A tablet can be charged a max of 3x/day 
Washer/Dryer Shared 2000 Secondary Laundry can be done a max of 2x/day 
Dishwasher Shared 1800 Secondary The dishwasher can be run a max of 3x/day 
Stereo Unshared 80 Secondary No constraints 
 
Table 6: Extra appliances in the system 
Sources Operating Condition Power(W) Constraints 
Light (CFL) Occupant presence and 
environmental conditions 
15 Checks solar irradiance and turns ON one CFL 
for every primary activity happening. The lights 
come ON between 6:00 PM and 6:00 AM if 
there is an occupant in the household 
Air 
Conditioning 
Occupant presence and 
environmental conditions 
250 Checks for occupant presence and looks up 
temperature data at that time to turn ON 
HVAC. The HVAC turns ON whenever the 
temperature is above 27 deg Celsius and there 
is an occupant in the household 
Freezer Always ON 100 No constraints 
Wifi Always ON 6 No constraints 
Base-load Always active 100 Sum of stand-by load of all appliances 
 
6.2 Scope of Validation Efforts 
To scope the research, the model was validated only against the most common households in the available 
data. Some inputs from census data were also considered in the process. The US census data from 2014[16] 
revealed that the majority of the households in urban areas consists of one, two or three occupant 
households. Refer to Figure 18 for the complete split of households based on the number of occupants in 
urban US. From the census data, it was decided to tune and validate the model only for one, two and three 
occupant configurations which would cover close to 82% of the total households. 
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Figure 18: Split up of households based on occupancy [16] 
 
A secondary check was also made to find if the available real-world data correlates with the census 
data and to determine if the validation scheme proposed was possible with the data available. The real-
world data sample provided mostly consists of one, two and three occupant households with only 11% of 
the households having four or more occupants. 
A further look-into the real-world data sample provided further insights and helped to bound the 
validation test cases further and helped differentiate between two and three occupant households. Almost 
all the three occupant households in the sample, looked like the two occupant households with some extra 
demand during the start of the day. Refer to Figure 19 to better understand the situation. Figure 19 was 
made by averaging all the samples of two occupants and three occupant families.  
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Figure 19: Comparison of two and three occupant family plot 
From Figure 19, there is some extra demand at the start of the day between 6 am and 9 am. From 
Figure 19, the profiles are sufficiently similar and so it was decided to spend the bulk of validation efforts 
on one and two person households only. 
Based on all the arguments presented in this section, only the following test cases were used for the 
study: 
• One person(worker) -  weekday and weekend 
• Two person (worker/non-worker) – weekday and weekend 
• Two person (worker/worker) – weekday and weekend 
6.3 Sample Size Determination 
In this section, insights on how sample sizes for simulated model data and real-world data were chosen will 
be presented. Variance study experiments were designed to compare models with different sample sizes.  
Sample size determination from a real-world perspective and a model perspective will be discussed in the 
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next two sections. The objective of the experiments in the next two sections, is to observe the variance for 
different sample sizes of the real-world and model data and to choose the sample size large enough to best 
approximate the mean and variance in the data. 
6.3.1. Real World Sample Size Determination 
Real world data in comparison with the model, was less variable even during the peak times of the day. A 
family with a fixed number of occupants, no matter what the status of the occupant behaves in similar ways 
and this trend is extremely strong during the weekdays during which the almost homogenous behavior of 
the working occupant brings down the overall variance. There was increased variance in weekend data 
when compared to the weekday data as occupants tend to exhibit different behaviors during the weekend 
which lead to increased variance. Several experiments were run to determine the right number of actual 
data profiles to average to account for the variance. Plots were made to observe the trend of the variance as 
sample size was increased. Here, sample size means picking a common time period during which the overall 
variance was high and averaging the demand profile of “n” different customers according to the specified 
sample size during that time period. The objective of the experiment was to pick the sample size with the 
least variance. By this, an asymptotic convergence in variance of the data was expected and the least sample 
size leading up to this asymptotic convergence will be chosen to keep the process simple.    Refer to Figure 
20 below for the variance study conducted for the weekday data scenario. The results presented in Figure 
20 show the variance profile of the occupants during the start of the day between 9:00 am to 10:00 am for 
which variability in data was highest. From Figure 20, the decrease in variance started showing asymptotic 
behavior after a sample size of 150, making 150 the optimal choice for the number of samples to average 
from real world data.  
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Figure 20: Variance study of real world data (weekday) 
6.3.2. Model Sample Size Determination 
The random nature of the simulation model allows activities with low probability to be chosen on occasion. 
The model data was therefore anticipated to have a higher variability than the real-world data whose 
occupants tend to follow strict daily patterns. Variance studies just like the previous section was performed 
to determine the optimal number of runs where variance starts to converge.  
Plots were made to observe the trend of the variance as sample size was increased. The objective 
of the experiment was to pick the smallest number of runs that best approximated the distribution of the 
data. Refer to Figure 21 to see the results of the study. The results presented in Figure 21 show the variance 
profile of the occupants during the start of the day between 9:00 am to 10:00 am the hour of day in which 
variance was highest. From Figure 21, a sample size of 350 was determined to be optimal as the variance 
started to converge in an asymptotic manner from this point onwards. 
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Figure 21: Variance study of the model 
 
Another important insight gained from the variance study is the performance of the model through 
the day, and how weekdays and weekends affected the model’s performance. The model’s overall variance 
on weekdays was less than on weekends. The variance of the model during weekdays was low at the start 
of the day and end of the day when the occupants are limited to a small number of activities thereby making 
it easier to model.  
 
6.4 Statistical Evaluation 
This section will in detail present all the different statistical experiments conducted along with the results 
and findings. 
6.4.1. Test Cases for Statistical Test 
As with any statistical analysis, visualizations will be made in this section to compare how the simulated 
demand curves match the real-world demand curves through the course of the day. These visualizations can 
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also serve as a great tool to help study how important the factor of time is, when it comes to electrical 
demand modeling. There were two types of visualizations considered to be presented in this section.  The 
first one was just the plot involving the mean values of both the distributions as shown in Figure 23. The 
second one was as detailed box and whisker plot for each hour for both the distributions as shown below in 
Figure 22. Both these plots were made for the one-person weekday test case. 
 
Figure 22: Box and Whisker plots for one person (weekday) for 24 hours 
 
From Figure 22, the box and whisker plots clearly help to better visualize the differences between 
both the distributions over the day and also help understand how the variance of both the models change 
with time as variance of the distributions contributes much to the calculations of levels of confidence of the 
model through the day. Figures 22-a, 22-b, 22-c, 22-d, 22-e and 22-f show close up details of the hourly 
profiles of the one-person weekday test case. 
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Figure 22-a: Box and Whisker plots for one person (weekday) during 0 to 5 hours 
 
 
 
 
Figure 22-b: Box and Whisker plots for one person (weekday) during 5 to 7 hours 
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Figure 22-c: Box and Whisker plots for one person (weekday) during 7 to 10 hours 
 
 
 
Figure 22-d: Box and Whisker plots for one person (weekday) during 11 to 16 hours 
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Figure 22-e: Box and Whisker plots for one person (weekday) during 17 to 21 hours 
 
 
Figure 22-f: Box and Whisker plots for one person (weekday) during 22 to 24 hours 
As seen from Figures 22-a, 22-b, 22-c, 22-d, 22-e and 22-f, box and whisker plots plotted for each 
hour reveal information about the similarity of the distribution and support the level of confidence outputs 
from the KS tests. For other test cases, two plots will be presented. The first plot being a plot of mean values 
of both the real world and simulated data indicating a trend and the second one, a plot of levels of confidence 
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of similarity between the real world and model data distributions during every hour. A higher level of 
confidence means the distributions are statistically similar and vice versa. 
6.4.1.1. One Person(Worker) – Weekday and Weekend 
The one-person (worker) test case results are presented in Figures 23, 24, 25 and 26. This test case had 
some of the best results since there is just one user (absence of interactions) and owing to the almost-
homogenous behavior of the worker occupant. The evaluation process revealed that the model had very 
high levels of confidence during the start and end of the day. Confidence levels decreased comparatively 
during peak hours, but they were higher than the other test cases. Confidence levels during weekends were 
comparatively lower than on weekdays. 
The model could easily model for the one occupant households due to the homogenous behavior 
of a single occupant when compared to the increased variable behavior of two workers combined together. 
It was also easier for the model during the start and end of the day as the occupants were only limited to a 
set of activities when compared to the middle of day. Weekdays also had less variance in data owing to the 
fact that worker occupants almost always behave in a homogenous behavior when compared to weekends. 
 
Figure 23: One person – weekday plot 
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Figure 24: Level of confidence plot for one person – weekday case 
 
  
 
Figure 25: One person – weekend plot 
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Figure 26: One person – weekend plot 
6.4.1.2. Two Person(Worker/Non-worker) – Weekday and Weekend 
Refer to Fig 27, 28, 29 and 30 for an understanding of the similarity between the real-world data and the 
model of the two-person (weekday/weekend) test case. Confidence levels were significantly higher during 
the start and end of the day. Confidence levels during peak hours were lower. As from the previous test 
case, confidence levels during weekends were comparatively lower than on weekdays. 
At times of the day, when there were interactions between the two occupants the levels of 
confidence were low, possibly indicating the difficulty of the model in capturing such interactions. It was 
also easier for the model to simulate the demand, during the start and end of the day as the occupants were 
only limited to a set of activities when compared to the middle of day. Weekdays also had less variance in 
data owing to the fact that worker occupants almost always behave in a homogenous behavior when 
compared to weekends. 
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Figure 27: Two Person - weekday plot 
 
 
 
Figure 28: Level of confidence for weekday plot 
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Figure 29: Two person - weekend plot 
 
 
 
Figure 30: Level of confidence for weekend plot 
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5.4.1.3. Two Person(Worker/Worker) – Weekday and Weekend 
Refer to Figure 31 and 32 for understanding the similarity between the real-world data and the model for 
the two-person (worker/worker) case. Confidence levels were significantly higher during the start and end 
of the day. Confidence levels during peak hours or whenever there is a possible interaction between 
occupants were low but comparatively higher than the previous test case where one occupant was a worker 
and the other was a non-worker. This could be due to the fact that workers could be more predictable in 
their behavior.  
At times of the day when there were interactions between the two occupants the levels of confidence 
were low, possibly indicating the difficulty of the model in capturing such interactions. It was also easier 
to model during the start and end of the day as the occupants were only limited to a set of activities when 
compared to the middle of day. Weekdays also had less variance in data owing to the fact that worker 
occupants almost always behave in a homogenous behavior when compared to weekends. 
 
 
Figure 31: Weekday plot 
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Figure 32: Level of confidence for weekday plot 
 
Two-person (worker/worker) weekend data is similar to two-person (worker/non-worker), meaning that 
both occupants in both the cases behave the same way and the one factor that made this test case different 
(employed occupant) from the previous case has no effect during weekends. The results from Figure 29 and 
Figure 30 also apply to this case. 
6.4.2. Discussions from Statistical Tests 
The statistical hypothesis test characterizes the performance of the model at different times of the day. The 
tests used similarity of hourly demand distributions as a measure to compare and compute model 
performance. Statistical tests due to their inherent advantage of model interpretability, provide four major 
insights: 
• Status of the occupant (worker/non-worker) – From the level of confidence plots, households 
with working occupants had significantly higher levels of confidence. This might be attributed to 
the relatively homogenous behavior of the working occupants over the week. 
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• Type of day (weekday/weekend) - From the level of confidence plots, weekday models had 
significantly higher levels of confidence than weekend models. This might be attributed to less 
weekend data (in comparison to weekday data) leading to increased variance as well as Non-
Homogenous behavior of occupants where occupants in real life tend to behave more randomly 
during weekends. 
• Interaction effects between the occupants - From the level of confidence plots, in multi-occupant 
models, confidence levels at times when occupants might interact were lower than times when the 
occupants were less active. 
• Time of the day - From the level of confidence plots, confidence levels were relatively high during 
the start and end of the day, when the occupants were limited to a set of activities. 
The statistical evaluations support that the developed methodology was able to model the demand 
profiles of a random population with more than 70% accuracy across all times of the day. All mathematical 
models have their own strengths and weaknesses, which they exhibit under different scenarios (test cases). 
This is due to all the inherent assumptions made to make the model plausible. Even though, the model 
validated had the lowest confidence of 70% during certain times of the day, one should note that it also had 
confidences in the range of 95% during certain other times of the day, meaning that the assumptions made, 
and the nature of the model make it more accurate during those times of the day. Results indicate that the 
methodology proposed can account for some, but not all variability in the actual demand data. And in fact, 
the methodology may be introducing more variability than seen in the real data. 
Furthermore, the model proposed can be improved by collecting more data to simulate on, testing the 
methodology on different data sets, increasing the sample size for the model and considering even more 
factors for making the model more robust to increased variance. The desirable model characteristics listed 
in Section 4.1 are also built in the model making it more realistic and a much better viable strategy for 
modeling electrical demand during different time of day.  
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6.5 Non-Parametric Evaluation 
This section of the document will describe how the non-parametric evaluation proposed in Section 4.3.2 
will be used to cluster the real world and model data. Using the clustering methodology stated in the Section 
4.3.2, experiments were run on both the real-world data and simulated data to determine the appropriate 
number of clusters which in turn will serve as an input for the later k-means algorithm that will determine 
the final clusters for comparisons. The objective is to try and achieve the highest intra-cluster similarity for 
the given data. Owing to computational complexity of the process, stratified sampling was used to down-
sample the data. 
A stratified 100-number sample (75 two occupant households and 25 one occupant households) 
indicative of the actual proportion of one occupant and two occupant households in the real-world data was 
used and seven experiments were carried out. These experiments started with testing on the minimal number 
of clusters possible (2) with an acceptable Intra-cluster similarity (60%) and slowly working up to the 
highest possible number of clusters with the highest Intra-cluster similarity depending on success/failure of 
the experiments. Refer to Table 7 for all the experiments carried out.  
 
Table 7: Determining the optimal number of clusters for real-world data 
Input: Number of 
Gaussians (n) 
Input: Intra-Cluster 
similarity (%m) 
Status Run-Time(seconds) 
2 60% Success 482 
2 65% Success 591 
3 70% Success 720 
3 75% Success 690 
3 80% Success 1092 
3 Above 80% No such cluster 1349 
4 60% No such cluster 1279 
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Table 7 indicates that the highest intra-cluster similarity can be found with three clusters, providing 
a similarity measure of 80% among cluster members. A number of clusters above three failed to result in 
successful clustering, even with low (acceptable) intra-cluster similarities.    
From the sample size section, it is understood that model data needed higher sample size to produce 
asymptotically converging variances. With that in consideration, higher number of data points (300 = 225 
two occupant households and 75 one occupant households) were down-sampled from the model generated 
data in a stratified manner to indicate the actual proportions of data. Experiments were carried out in a 
similar way to the last set of experiments. Refer to Table 8 for all the experiments carried out. 
Table 8: Determining the optimal number of clusters for modeled data 
Input: Number of 
Gaussians (n) 
Input: Intra-Cluster 
similarity (%m) 
Status Run-Time(seconds) 
2 60% Success 1560 
2 65% Success 1872 
3 60% Success 2480 
3 65% Success 2970 
3 70% Success 3487 
3 Above 70% No such cluster 3218 
4 60% No such cluster 3675 
 
The algorithm took longer times to terminate when compared to the previous set of experiments. 
From Table 6, the algorithm reaches 70% cluster similarity for 3 clusters. Like the previous clustering 
experiments, the objective of the experiment was to find the appropriate number of clusters with maximum 
intra cluster similarity. From table 8, input of more than 3 clusters did not produce any successful clustering. 
Thus 3 clusters were chosen as the appropriate parameter.  
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The number of cluster information obtained from the above two experiments were fed into the k-
means algorithm as a final step to obtain the final clusters. Thus, the real-world data and simulated data 
points were each clustered to form 3 clusters with the proposed clustering strategy. 
6.5.1. Insights from Clustered Data 
This section explains the analysis of the real world and simulated data clusters formed from the previous 
section and how each of these 6 clusters (3 real-world and 3 model-data) clusters relate to each other. If the 
clusters from the model data in some way relate to the clusters from the real-world data, then that will 
suggest the model framework is valid. Some Exploratory Data Analysis (EDA) for the clusters formed was 
done and the results are present in Table 9a and 9b. The tables display the proportion of the three different 
configurations tested (one occupant, two occupant worker/non-worker, two occupant worker/worker) in 
each of the three clusters for both the model data and real-world data.  
 
Table 9: Exploratory analysis of the clusters in real life data 
# cluster One resident Two residents 
(Worker/non-worker) 
Two residents 
(Worker/Worker) 
1 86% 10% 4% 
2 9% 79% 12% 
3 5% 11% 84% 
 
Table 9b: Exploratory analysis of the clusters in model data 
# cluster One resident Two residents 
(Worker/non-worker) 
Two residents 
(Worker/Worker) 
1 83% 9% 8% 
2 7% 71% 22% 
3 10% 20% 70% 
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The clustering experiments from Table 8 produced three clusters with the highest possible intra-
cluster similarity for the data instances considered. The EDA results from Table 9a and 9b show the cluster 
membership of the three ground-truth labels namely One resident, Two residents (Worker/non-worker) and 
Two residents (Worker/Worker) in each of the three clusters. 
For instance, for real world data, from Table 9a, for cluster 1’s maximum membership is from the 
One resident class (86%), cluster 2’s maximum membership is from the two residents (Worker/non-worker) 
class (79%) and for cluster 3, maximum membership is from the Two residents (Worker/Worker) class 
(84%). Similar logic could be extended to the EDA of model data presented in Table 9b. Furthermore, each 
of the clusters formed has members from each class in both the real world/simulated datasets. 
The last experiment conducted will help infer the similarity between real-world and model clusters. 
For this experiment, 3 clusters from the model-generated data were kept as reference clusters and in three 
sequential iterations data instances in each of the clusters of the real-world data were compared with the 
model clusters to determine their class membership to the model generated clusters. Results of the 
experiment are displayed in Table 10 where the proportion of the instances in the shared clusters are 
represented in the form of percentages. The model-generated data were used as a reference in the 
experiment under the assumption that the higher number of samples in the data will provide a larger 
manifold in the 24-dimensional space providing better and accurate clustering results. 
Table 10: Real-world and model clusters comparison for class membership 
 CLUSTERS FROM REAL-WORLD DATA 
 CLUSTERS FROM 
MODEL DATA 
One resident Two residents 
(Worker/non-worker) 
Two residents 
(Worker/Worker) 
One resident cluster 90% 3% 7% 
Two residents 
cluster(worker/non-
worker) 
6% 84% 7% 
Two residents cluster 
(worker/worker) 
4% 13% 86% 
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From Table 10, One resident clusters from real world data share a 90% similarity with the model 
data cluster, two residents (Worker/non-worker) class have a 84% similarity between real world and model 
data clusters and the two residents (Worker/Worker) class share a 86% similarity between the real world 
and model data clusters. To further understand the results of the last experiment, plots were made for all 
three classes with just the mean of the clusters (prototypes) at every hour. Refer to Figures 33, 34 and 35 
for the plots. 
 
 
 
Figure 33: One resident cluster plot 
 
 
 
75 
 
Figure 34: Two resident (worker/non-worker) cluster plot 
 
 
Figure 35: Two resident (worker/worker) cluster plot 
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Figures 33, 34 and 35 provide prototype demand patterns for each cluster. Any test point would be 
classified to belong to the cluster whose prototype demand is closest to the demand of that test point. 
This methodology thus ignores the variance of the model and compares clusters only based on distance-
based similarity metrics. For example, from Figure 33, it is observed that the real-world data cluster center 
should be closest to the simulated data cluster prototype of one-person cluster than to any other cluster 
prototype. Another observation made from Figures 34 and 35 is the similarity of the simulated cluster 
prototypes between two occupant (worker/worker) and two occupant (worker/non-worker) case. This 
similarity might have in turn lead to the some of the false positives reported between these two cases in 
Table 8. 
Thus, the final experiment by computing cluster similarity between the real world and model data, 
illustrates that the methodology proposed can be used as a viable alternate mechanism to simulate and 
understand different occupants complimenting results from the statistical evaluation tests.  
 
6.6 Appliance and Occupant Behavior Discussions 
The main strength of the methodology developed, in addition to combining occupant and appliance 
behavior information, is its ability to derive useful insights about different classes of customers. This section 
of the document will provide examples of how such insights could be derived and how the information 
could be used by the utilities. The purpose of deriving insights from the model is to infer the appliance and 
occupant behavior information for different classes of customers at different times. With that information, 
utilities can get a clearer picture of how different DM strategies can affect different classes of customers 
during different times of the day, thereby helping utilities make good decisions about the choice of DM 
strategies to implement.  
This section starts with presenting the activities of the occupants of all three classes of customers 
from the clustering experiments, in the form of a GANTT chart. This will help the reader gain a perspective 
of how the model selects different activities for different occupants through the day and for how long the 
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occupants engage in each of the selected activities through the day. A random week-day data instance was 
chosen from each of the three classes of customers to create the GANTT chart. Refer to Figure’s 36, 37 and 
38 for the activity information of one resident – worker, two resident – worker/non-worker, two resident – 
worker/worker classes respectively. 
 
 
 
Figure 36: One-resident (worker) data instance 
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Figure 37: Two resident (worker/non-worker) data instance 
 
 
Figure 38: Two resident (worker/worker) data instance 
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From Figures 36, 37 and 38, one can see how the model chooses different activities for different 
types of occupants during different times of the day and how long occupants are engaged in activities 
through the day. Sometimes, the model due its stochastic nature may choose a highly unlikely activity for 
that time of day, but due to the nature of time constraints implemented, the occupant quickly disengages 
from such activities. Moreover, when the sample size for the simulation model is increased, the effect 
created due to choosing such highly unlikely activities will be minimal, thereby increasing the significance 
of the model. 
6.6.1 Activity Frequency Data 
This section of the document will present examples on, how information like the frequency of some of the 
major activities of all three classes of customers, can be obtained and used. The availability of such 
information can help utilities get a clearer understanding of how the occupants in each of the classes behave 
during different times of the day. Since the methodology developed is stochastic in nature, a large number 
of data instances have to be sampled to gain some valuable insights. All the results/test cases shown from 
here on will be sampled from the 300 model-data instances that were used for clustering in Section 6.5. See 
Figures 39, 40, 41and 42 to get activity distributions for activities like sleep, cook, bath and TV for all three 
classes of customers. 
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Figure 39: Frequency distribution for sleep 
 
Figure 40:Frequency distribution for cooking 
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Figure 41: Frequency distribution for bathing 
 
 
Figure 42: Frequency distribution for TV 
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In a similar fashion, the model can be used to derive information about the frequency of any activity 
for any number of classes of customers, thereby helping utilities understand how a DM strategy can affect 
the behavior of the appliances through the day. 
 
6.6.2 Worker/Non-worker Behavioral Data 
With enough number of samples, the methodology can provide detailed insights about how different types 
of occupants and different appliances behave through the day. For example, insights about when the worker 
occupants leave home in the morning and return in the evening will prove valuable, if utilities decide to 
implement a demand management strategy in the afternoon as most of the worker occupants in this case 
will have little to no effect. Figure 43 below, provides a distribution from model data as to when worker 
occupants leave and return home during a weekday. 
 
 
Figure 43: Behavior of worker occupants during the day 
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Another example for valuable occupant behavior insights would be information about when 
different types of occupants wake up during mornings and this information will be crucial if utilities decide 
to implement some form of demand management strategy in the mornings. Figure 44 below, provides a 
distribution from the simulation runs as to when worker /non-worker occupants wake up during a weekday. 
This type of inference can be extended to get information about any number of and any type of occupants. 
 
Figure 44: Waking-up distribution of worker and non-worker occupants 
6.6.3 Activity Distributions during Time Windows 
In addition to the occupant level inference as shown in the above section, appliance/activity level inference 
is also possible from the model. This information of what appliances are being used the most during any 
time of the day for different classes of customers will prove valuable to utilities if they decide to implement 
any form of demand management strategy in a fixed time window, when the demand of the system might 
peak. This information will provide utilities a direct measure of the comfort for each of the classes of 
customers and will help make valid decisions. 
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For example: if utilities wanted to cut down the demand in all of the clusters from Figures 33, 34 
and 35, to below 1500 W during the evenings, then they need to implement a demand management strategy 
between 5 and 9 pm during which any appliance usage information will prove critical for better decision 
making. Figure 45, 46 and 47 gives such information about the one resident (worker) cluster, two residents 
(worker/non-worker) and two residents (worker/worker) clusters respectively. 
 
Figure 45: Appliances used between 5 and 9 pm for one resident (worker) cluster 
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Figure 46: Appliances used between 5 and 9 pm for two residents (worker/non-worker) cluster 
 
 
 
Figure 47: Appliances used between 5 and 9 pm for two residents (worker/worker) cluster 
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From, the above figures, the utilities will be able to know about the types of appliances being used 
during a time window and how any demand management strategy implemented during that time will affect 
the customers. The utilities will also learn about potential effectiveness of strategies. For example, form 
figures 45, 46 and 47 in all of the three model clusters, turning OFF all dishwashers from 5 to 9 pm might 
not help them much, but turning OFF computers could. 
The inference procedure shown above can be extended to get information about all types of 
occupant behaviors and also appliance behaviors during time intervals of appropriate granularities as 
needed by the utilities. Section 6 showed how the methodology developed was able to capture the overall 
demand profiles of different households, but the greatest advantage of this methodology over previous 
approaches is its ability to make valid inferences about appliance and occupant behaviors of households, 
thus helping the utilities make better decisions regarding implementing demand management strategies. 
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7. Conclusion 
The methodology created combines the appliance and occupant behavior successfully and incorporates 
several of the issues identifies as gaps from previous research successfully. The resulting total demand from 
the model can be used in evaluating demand management strategies. Earlier attempts to do so involved 
modeling just the appliance behavior or the occupant behavior to model the overall demand profile over 
discrete periods of time. Earlier research also had lots of simplifying assumptions making the final model 
a poor approximation of the actual demand profile. In this work, appliances were classified into four types 
namely occupancy dependent appliances, occupancy independent appliances, occupancy and environment 
dependent appliances. The basis for such a classification was the behavior of occupants.  The occupant 
activities were also classified into primary activities and secondary activities. The basis of this classification 
was again the nature of the appliances the occupant is using during a time period. These classifications 
helped create an opportunity to combine occupant behaviors and appliance behaviors for modeling the final 
demand. To make the methodology more realistic, several details like Non-Homogenous inputs, weather 
data and hard constraints were implemented in the model.  
Validation efforts involved two stages, namely statistical evaluation and non-parametric evaluation. 
Statistical evaluation involved using statistical hypothesis tests in the form of a 2-sample KS test to verify 
and validate the methodology. From the statistical evaluations, it can be observed that the developed 
methodology was able to match the demand profiles of a random population with more than 70% accuracy 
across all times of the day for different model configurations. This suggested that the methodology would 
be a viable/beneficial way to generate demand profiles for different household configurations across all 
times of the day. 
Non-parametric evaluations involved developing a novel-clustering strategy to help come up with 
appropriate number of clusters for both real-world and model data. This was then fed into the conventional 
k-means clustering algorithm to create clusters for both real-world data and model data. Finally, cluster 
similarity between real-world and model data was studied to verify and validate the model. The non-
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parametric evaluations on average produced clusters with more than 80% similarity, once again illustrating 
that the methodology proposed can be used as a viable alternate mechanism to simulate and understand 
different occupants complimenting results from the statistical evaluation tests. Finally, the appliance and 
occupant level information from the model for all three classes of customers considered was shown and 
how such information could be used by utilities for making better discussions was also discussed.  
Future research could help test if the methodology proposed could be extended to 
industrial/commercial applications. Since the methodology was developed and tuned only for residential 
applications, further study and experimentation is required to analyze the validity of the model in a 
commercial setting. Also, under the current setting, only a few appliances were under consideration. This 
might have in-directly lead to a bias in the model, thus affecting the model’s performance in some areas. 
Adding more appliances to the model could help eliminate bias and help create a more efficient model. 
Modern smart-appliances like thermostats, scheduling devices can also be added to help understand the 
demand patterns more. More options like the granularity of the demand levels (day level/ week level) and 
validation across a wider population than just Phoenix, Arizona can also be experimented with to 
understand how different models perform and to address the different questions and challenges put forward 
by the research work. 
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Appendix 
A1 Activity Probability data during weekdays 
Hours  Sleeping Bathing Cooking Computer  Reading  Exercise 
0 78 1 3 1 4 3 
1 82 0 0 5 6 0 
2 86 1 2 2 3 2 
3 90 0 0 2 3 2 
4 81 0 5 0 0 5 
5 70 3 4 2 0 13 
6 52 18 9 3 2 8 
7 28 19 14 5 4 10 
8 20 12 18 5 3 8 
9 19 10 11 4 3 2 
10 13 13 23 5 1 8 
11 5 19 17 2 12 10 
12 3 8 16 12 14 8 
13 4 4 22 3 21 0 
14 12 0 0 15 8 14 
15 13 4 3 12 12 18 
16 7 4 16 18 15 14 
17 3 7 18 4 18 12 
18 2 15 22 8 9 15 
19 1 13 14 13 12 8 
20 9 8 13 12 15 10 
21 22 0 12 5 15 8 
22 34 0 8 7 18 2 
23 45 3 2 7 12 6 
 
 
Hours Going-out Washer/Dryer Dishwasher TV 
0 2 2 1 5 
1 2 1 1 3 
2 1 2 0 1 
3 2 0 0 1 
4 3 3 3 0 
5 4 2 2 0 
6 8 0 0 0 
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7 16 1 0 3 
8 25 1 0 8 
9 29 1 1 20 
10 26 0 3 8 
11 22 2 6 5 
12 15 12 4 8 
13 18 6 5 17 
14 11 10 8 22 
15 12 8 6 12 
16 10 4 4 8 
17 14 8 4 12 
18 12 2 0 15 
19 8 5 4 22 
20 7 2 4 20 
21 6 4 0 28 
22 4 0 2 25 
23 3 3 3 16 
 
 
A2 Likelihood of Working Data during Weekdays 
Hours Likelihood 
of working 
0 4 
1 3 
2 3 
3 3 
4 4 
5 6 
6 13 
7 28 
8 51 
9 55 
10 50 
11 55 
12 53 
13 40 
14 38 
15 32 
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16 30 
17 16 
18 12 
19 11 
20 10 
21 6 
22 2 
23 4 
 
 
A3 Worker Activity Distribution for Weekdays 
Hours  Sleeping Bathing Cooking Computer  Reading  Exercise 
0 76.59 0.98 2.94 0.98 3.92 2.94 
1 81.15 0 0 4.948 6 0 
2 86 1 2 2 3 2 
3 90 0 0 2 3 2 
4 81 0 5 0 0 5 
5 70 3 4 2 0 11 
6 52 18 9 3 2 3 
7 24 16.28 12 4.285 3.42 8.57 
8 13 7.84 11.767 3.27 1.96 5.22 
9 12.04 6.34 7 2.53 1.9 1.27 
10 8.78 8.78 15.54 3.38 0.675 5.405 
11 2.88 11 9.81 1.153 6.93 5.77 
12 1.658 4.423 8.84 6.63 7.7 4.42 
13 2.92 2.92 16.1 2.2 15.36 0 
14 8.35 0 0 10.45 5.573 9.75 
15 10.04 3.09 3.68 9.27 9.27 13.9 
16 5.45 3.111 12.444 13.8 11.67 11 
17 3 7 18 4 18 10 
18 2 15 22 8 9 15 
19 1 13 14 13 12 8 
20 9 8 13 12 15 10 
21 22 0 12 5 15 8 
22 34 0 8 7 18 2 
23 45 3 2 7 12 6 
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Hours Going-out Washer/Dryer Dishwasher TV 
0 4 1.96 0.98 4.89 
1 3 1 1 3 
2 3 0 0 1 
3 2 0 0 1 
4 3 3 3 0 
5 6 2 2 0 
6 13 0 0 0 
7 28 0.857 0 3 
8 51 0.6533 0 5.227 
9 55 0.633 0.633 12.68 
10 50 0 2.03 5.405 
11 55 1.153 3.46 2.88 
12 53 6.63 2.211 4.423 
13 40 4.39 3.66 12.46 
14 38 7.53 5.573 15.33 
15 32 6.18 4.64 8.27 
16 30 3.11 3.11 6.23 
17 16 8 4 12 
18 12 2 0 15 
19 7 5 4 22 
20 7 2 4 20 
21 6 4 0 28 
22 4 0 2 25 
23 4 3 3 16 
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A4 Non-Worker Activity Distribution for Weekdays 
Hours  Sleeping Bathing Cooking Computer  Reading  Exercise 
0 79.42 0.98 2.94 0.98 3.92 2.94 
1 82.85 0 0 4.948 6 0 
2 86 1 2 2 3 2 
3 90 0 0 2 3 2 
4 81 0 5 0 0 5 
5 70 3 4 2 0 11 
6 52 18 9 3 2 3 
7 32 18 12 5.71 4.58 7.14 
8 27 16.16 24 6.73 4 10.78 
9 26 13 16 5.47 4 2.73 
10 17 17.22 30 6.62 1.326 10.6 
11 7 27 24 2.8 12 8.23 
12 3 11 18 16 14 11 
13 5 5 21 3.8 10 0 
14 2 0 24 5 10 2 
15 9 5 18 8 8 3 
16 5 8.55 9 17 17 10 
17 3 7 18 4 18 10 
18 2 15 22 8 9 15 
19 1 13 14 13 12 8 
20 9 8 13 12 15 10 
21 15 0 12 5 15 8 
22 21 0 8 13 18 2 
23 31 7 2 9 12 6 
 
Hours Going-out Washer/Dryer Dishwasher TV 
0 4 1.96 0.98 4.89 
1 3 1 1 3 
2 3 0 0 1 
3 2 0 0 1 
4 3 3 3 0 
5 6 2 2 0 
6 13 0 0 0 
7 6 2 5 6 
8 1 1.34 0 9 
9 3 1.3 1.3 27 
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10 2 0 4 10.6 
11 11 3 2 3 
12 16 7 2 1 
13 17 7 9 22 
14 12 13 8.7 24 
15 22 3 8 16 
16 12 1 3 18 
17 16 8 4 12 
18 12 2 0 15 
19 7 5 4 22 
20 7 2 4 20 
21 6 4 0 35 
22 4 0 2 32 
23 4 10 3 16 
 
A5 Non-Worker Activity Distribution for Weekend days 
Hours  Sleeping Bathing Cooking Computer  Reading  Exercise 
0 79.42 0.98 2.94 0.98 3.92 2.94 
1 82.85 0 0 4.948 6 0 
2 82 1 2 2 3 2 
3 86 0 0 2 3 2 
4 81 2 5 1 0 5 
5 70 3 4 4 1 11 
6 52 6 5 8 4 11 
7 40 9 13 5 4.58 12 
8 27 12 13 13 7 15 
9 20 14 12 10 4 12 
10 22 18 13 12 1.326 10 
11 17 11 12 5 12 2 
12 3 21 13 14 13 1 
13 5 16 15 12 10 1 
14 12 1 24 12 10 0 
15 13 5 12 12 8 2 
16 9 8.55 9 9 17 3 
17 6 13 14 14 14 9 
18 2 15 11 11 9 9 
19 1 11 8 11 12 6 
20 9 8 12 6 15 9 
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21 15 1 9 8 11 8 
22 21 1 8 3 15 7 
23 31 7 2 2 19 2 
 
Hours Going-out Washer/Dryer Dishwasher TV 
0 4 0 0 4.89 
1 3 1 1 3 
2 3 3 1 1 
3 2 4 0 1 
4 3 2 1 0 
5 6 1 0 0 
6 13 0 1 0 
7 10 1 0 6 
8 1 1 2 9 
9 3 4 1 20 
10 1 6 6 10.6 
11 9 8 12 12 
12 10 5 9 11 
13 12 5 8 16 
14 2 10 11 18 
15 7 12 13 16 
16 9 5 12 18 
17 13 2 3 12 
18 12 12 4 15 
19 13 8 8 22 
20 9 7 5 20 
21 10 1 2 35 
22 9 3 1 32 
23 9 1 3 24 
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A6 Multi-activity Likelihood Data for Primary/Secondary Activities for Worker Occupants 
Hours 1 activity 2 activity 3 activity 
0 40 30 30 
1 50 25 25 
2 50 25 25 
3 50 25 25 
4 50 25 25 
5 50 25 25 
6 40 30 30 
7 40 35 25 
8 40 40 20 
9 40 40 20 
10 40 40 20 
11 40 40 20 
12 40 40 20 
13 40 40 20 
14 40 40 20 
15 40 40 20 
16 40 40 20 
17 40 30 30 
18 35 35 30 
19 35 35 30 
20 35 35 30 
21 35 35 30 
22 40 30 30 
23 40 30 30 
24 40 30 30 
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A7 Multi-activity Likelihood Data for Primary/Secondary Activities for Non-Worker Occupants 
Hours 1 activity 2 activity 3 activity 
0 40 30 30 
1 50 25 25 
2 50 25 25 
3 50 25 25 
4 50 25 25 
5 50 25 25 
6 40 30 30 
7 40 35 25 
8 40 40 20 
9 35 35 30 
10 35 35 30 
11 35 35 30 
12 35 35 30 
13 40 40 20 
14 40 40 20 
15 40 40 20 
16 35 35 30 
17 35 35 30 
18 35 35 30 
19 35 35 30 
20 35 35 30 
21 35 35 30 
22 40 30 30 
23 40 30 30 
24 40 30 30 
 
 
 
 
 
 
 
 
 
 
 
 
 
